
 

Development and application of AI tools 

to improve diagnostic and prognostic 

capabilities of medical imaging data  

 

 

Dissertation 

zur Erlangung des Grades 

Doktor der Naturwissenschaften  

 

 

am Fachbereich Biologie 

der Johannes Gutenberg-Universität Mainz  

 

 

 

 

 

Óscar Llorián-Salvador 

Geb. Am 24.03.1992 in Oviedo 

 

 

Mainz, 2024 



II 
 

 

 

 

 

 

 

 

 

 

Dekan: Prof. Dr. Eckhard Thines 

1.Berichterstatter: Prof. Dr. Miguel Andrade 

2.Berichterstatter: PD Dr. med. Jan C. Peeken 

Tag der mündlichen Prüfung: 

  

27.01.2025



III 
 

Johannes Gutenberg University Mainz

 

Faculty of Biology 

Institute of Organismic and Molecular Evolution (iOME) 

Computational Biology and Data Mining Group 

AG Andrade 

 

Dissertation 

Development and application of AI tools 

to improve diagnostic and prognostic 

capabilities of medical imaging data 

 

Óscar Llorián-Salvador 

 

1. Reviewer Prof. Dr. Miguel A. Andrade-Navarro  
Faculty of Biology  

Johannes Gutenberg University Mainz 

2. Reviewer PD Dr. med. Jan C. Peeken 
Department of Radiation Oncology  

Klinikum rechts der Isar, Technical University of Munich 

Supervisor  Prof. Dr. Miguel A. Andrade-Navarro  

 

October 31, 2024 



IV 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Óscar Llorián-Salvador 

Development and application of AI tools in improving diagnostic and prognostic 

capabilities of medical imaging data 

Dissertation, October 14, 2024 

Reviewers: Prof. Dr. Miguel A. Andrade-Navarro and PD Dr. med. Jan C. Peeken 

Supervisor: Prof. Dr. Miguel A. Andrade-Navarro 

 

Johannes Gutenberg University Mainz 

AG Andrade 

Institute of Organismic and Molecular Evolution (iOME) 

Faculty of Biology 

Hanns-Dieter-Hüsch-Weg 15 

55128 Mainz   



V 
 

Abstract 

Advances in personalized cancer treatment have been significantly motivated by the 

integration of advanced computational techniques with medical imaging modalities. 

These techniques allow for the extraction of quantitative radiomics information, which 

is then analyzed and correlated with genomic biomarkers, clinical features, and other 

biological indicators through machine learning (ML) models. This computational 

approach allows for a better tracking of cancer behavior and treatment response, offering 

a powerful tool for diagnostic, therapeutic planning and prognosis purposes. 

 

In this thesis, ML models were developed and validated to assess the predictive power 

of quantitative radiomics and radiogenomic features, extracted from magnetic resonance 

imaging (MRI) and computed tomography (CT) scans, as well as clinical and semantics 

information. These models were analyzed in different oncological contexts, using 

computational methods to process all features, including batch harmonization, outlier 

detection, normalization, feature selection via redundancy reduction and relevance 

optimization and class imbalance correction. Classifiers employed included support 

vector machine (SVM), random forest (RF), least absolute shrinkage and selection 

operator (LASSO), logistic regression (LR) and multilayer perceptron (MLP) classifiers.  

 

The first study of this thesis focused on the differentiation between atypical lipomatous 

tumors (ALTs) and lipomas via the detection of the mouse double minute 2 (MDM2) 

gene biomarker. A LASSO classifier performed best with an area under the receiver-

operator characteristic (AUROC) of 0.88. The second study investigated the complete 

pain response in painful spinal bone metastasis patients after palliative radiotherapy 

(RT) treatment. A clinical LASSO classifier achieved an AUROC of 0.80. The third study 

explored common acute side effects on breast cancer patients treated with RT. A LASSO 

classifier outperformed all other models when predicting the appearance of moist cells 

epitheliolysis as a surrogate for skin inflammation with an AUROC of 0.74. The fourth 

study monitored neoadjuvant chemotherapy treatment response to Ewing sarcoma 

patients via the histological response assessment after surgery. A LR trained on the 

relative delta of radiomics features achieved an AUROC of 0.62, outperforming the best 

model trained on information from radiology readings (LR; AUROC of 0.58). 

 

In conclusion, this thesis provides insight into the value of artificial intelligence (AI) and 

radiomics to address key challenges in oncology by supporting clinical decisions 

regarding distinguishing tumor types, predicting treatment responses, toxicity and 

disease evolution. Radiomics features were most effective when differentiating visually 

similar tumors and as a relative delta of change before and after neoadjuvant 

chemotherapy treatment. Clinical features have also shown predictive power in other 

cases of treatment response prediction, while providing useful support and baseline 

information overall. 
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Zusammenfassung 

Fortschritte in der personalisierten Krebstherapie wurden maßgeblich durch die 

Integration fortschrittlicher rechnergestützter Techniken mit medizinischen 

Bildgebungsverfahren vorangetrieben. Diese Techniken ermöglichen die Extraktion 

quantitativer radiomischer Informationen, die dann mithilfe von maschinellen 

Lernmodellen (ML) analysiert und mit genomischen Biomarkern, klinischen Merkmalen 

und anderen biologischen Indikatoren korreliert werden. Dieser Ansatz verbessert das 

Monitoring von Krebsverhalten und Therapieantwort und stellt ein wertvolles 

Werkzeug für Diagnostik, Therapieplanung und Prognose dar. 

 

In dieser Arbeit wurden ML-Modelle entwickelt und validiert, um die prädiktive 

Leistungsfähigkeit radiomischer und radiogenomischer Merkmale zu bewerten, die aus 

Magnetresonanztomographie- (MRT) und Computertomographie-Aufnahmen (CT) 

sowie klinischen und semantischen Informationen extrahiert wurden. Die Modelle 

wurden in verschiedenen onkologischen Kontexten analysiert, wobei Methoden zur 

Harmonisierung, Ausreißererkennung, Normalisierung, Merkmalsauswahl durch 

Redundanzreduktion sowie Klassenungleichgewichts-Korrektur angewendet wurden. 

Verwendete Klassifikatoren waren u. a. Support Vector Machine (SVM), Random Forest 

(RF), Least Absolute Shrinkage and Selection Operator (LASSO) und logistische 

Regression (LR). 

 

Die erste Studie fokussierte sich auf die Unterscheidung atypischer lipomatöser 

Tumoren (ALT) und Lipome mittels des Maus-Doppelminuten-2-Gen-Biomarkers 

(MDM2), wobei LASSO einen Fläche unter der Operationscharakteristik (AUROC) von 

0.88 erzielte. Die zweite Studie untersuchte die Schmerzantwort bei spinalen 

Knochenmetastasen nach palliativer Strahlentherapie. Ein klinischer LASSO-

Klassifikator erreichte einen AUROC von 0.80. Die dritte Studie erforschte akute 

Nebenwirkungen bei Brustkrebspatientinnen, die mit Strahlentherapie behandelt 

wurden; LASSO übertraf andere Modelle in der Vorhersage von feuchter Epitheliolyse, 

einem Indikator für Hautentzündung (AUROC 0.74). Die vierte Studie bewertete die 

Therapieantwort auf neoadjuvante Chemotherapie bei Ewing-Sarkom mittels 

histologischer Reaktion nach OP. Ein LR-Modell auf Grundlage der relativen Delta-

Änderung radiomischer Merkmale erreichte AUROC 0.62 und übertraf das 

radiologische Modell (AUROC 0.58). 

 

Zusammenfassend gibt diese Arbeit Einblicke in den Wert von KI und Radiomik zur 

Unterstützung klinischer Entscheidungen in der Onkologie, einschließlich 

Tumorunterscheidung, Therapieantwort, Toxizität und Krankheitsverlauf. Radiomische 

Merkmale zeigten besondere Effizienz bei der Differenzierung ähnlicher Tumoren und 

in der relativen Delta-Änderung vor/nach Chemotherapie. 
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1 General introduction 

1.1 Cancer 

Cancer, representing a diverse group of related diseases, is characterized by its 

uncontrolled growth and the expansion of the atypical cells that compose it. Though 

every type of cancer is different in behavior and impact, they all share their 

fundamentally disruptive nature. The understanding of cancer as a disease has 

significantly evolved over the years, from ancient times where it was perceived as a 

death sentence, until the present era, addressed as a disease with multiple ways of 

treatment and, in some cases, curable [1]. However, it is still a widespread and life-

threatening disease, with 19.3 million new cases and almost 10 million deaths due to 

cancer, as approximated in 2020 by the Global Cancer Observatory [2]. It is expected that 

cancer cases will keep increasing in the next decades. By 2040, it is expected that new 

cases will increase to 28.4 million, 47% higher than in 2020. 

 

This disease starts at the cellular level. When the control of normal cell 

proliferation and division is lost, cells begin expanding and replicating in a chaotic 

manner, forming the cancerous tissue [3]. Avoidance of the natural cell death 

mechanisms, activation of oncogenes, deactivation of tumor suppressor genes and 

altering of the DNA reparation processes, are among the main causes of the abnormal 

growth that leads to tumors [4,5]. These tumors can be benign, non-invasive; or 

malignant, with an aggressive growth rate and the possibility of spreading to 

neighboring tissues, a process known as metastasis. This complication can make the 

treatment process significantly more difficult, thus reducing the survival probability of 

patients [6,7]. 

 

There are multiple factors that contribute to the development of this disease, or to 

a tumoral growth, many of them related to specific lifestyles. Smoking is the primary 

cause of lung cancer, and is also associated with other various types, such as mouth, 

neck, esophagus and bladder cancer [2,8,9]. Diets high in processed meat and low on 

fruit have also been associated with a higher risk of developing colorectal cancer [6,10]. 

Sedentarism and obesity, on the other hand, have been linked to some types of 

malignancies, such as breast, endometrium and, again, colorectal cancer [6,11]. Some 

infections are known factors for specific types of cancer, such as human papillomavirus 

(HPV), Helicobacter pylori, and hepatitis B and C [12–14]. Further, exposure to 

carcinogens, such as asbestos, some industrial chemical compounds, or prolonged UV 

radiation, also increase the risk of developing several types of cancer [15–17].  

 

Not all types of the disease affect the global population equally, but patterns have 

emerged in the different continents. In Asia there is a higher incidence registered of 
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cancers related to the digestive system, such as esophagus, stomach or liver cancer, likely 

due to dietary factors. In Africa, malignancies related to infections have been notably 

common, such as cervical cancer (from HPV infection), or liver cancer (from hepatitis B 

and C). Central and South America have registered mixed patterns of malignancies, with 

an increasing incidence of breast and prostate cancer, and the prevalence of infection-

related cancers. In North America and Europe, breast, prostate and colorectal types of 

cancer have the highest incidences. Some variables contribute to a higher incidence on 

this global perspective: notably, with progressively higher life expectancies overall, a 

higher number of individuals reach later ages, when cancer is more common. However, 

their mortality has decreased in many of these malignancies mentioned thanks to 

advances in early detection and treatment [2,8,18]. Incidence rate is currently also being 

addressed in multiple ways, for instance by programs to prevent smoking, or 

vaccinations against cancer-inducing infections [19–21]. 

 

Cancer treatment involves a variety of approaches, such as surgical intervention, 

RT, chemotherapy, targeted therapy and immunotherapy [3,22,23]. Each treatment can 

have a different efficacy based on the type and stage of cancer, as well as individual 

features from the patient. A combination of treatments is also common to increase the 

overall effectiveness [24–26]. 

 

Presently, cancer research is experiencing a quick expansion thanks to advances in 

molecular biology, genetics and technology, and multidisciplinary fields such as 

biotechnology and bioinformatics. These advances, more effective and tailored to each 

type of case, are already increasing survival rates and the quality of life of patients 

[27,28].  

 

However, multiple challenges still remain, beyond the success of the treatment: 

some types of cancer are difficult to identify and differentiate from others, leading to 

incorrect diagnoses and, as a consequence, treatment. In other cases, the choice of 

treatment can lead to adverse repercussions such as side effects or secondary cancers 

that may potentially be avoided with enough understanding of the circumstances of the 

disease and patient. On the other hand, the evolution of several treatments can only be 

observed afterwards (for instance, during surgery after some chemotherapy treatments), 

leading to delays in its evaluation and, therefore, risking a metastatic spread if the 

strategy was not adequate [29,30]. In those situations where distant metastasis is already 

present, the selection of an appropriate palliative treatment can significantly improve 

the quality of life of patients [27,28,31]. However, there are numerous factors and 

uncertainties to consider when dealing with heterogeneous cancers and distant 

metastases, possibly leading to suboptimal therapies. 
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1.1.1 Distinction of biologically similar tumors 

Correct tumor identification is essential in oncology: in some cases, slight 

biological or clinical behavioral characteristics can be the difference between a benign or 

a malignant variant of cancer. Diagnostic precision not only affects the choice of 

treatment and patient handling, but also their prognosis and quality of life. One manifest 

example are lipomatous tumors: they are the most common neoplasm that can be found 

as soft-tissue tumors primarily in extremities. Even though they are a heterogeneous 

group of tumors, almost half of them are either benign adipocytic tumors (lipomas), or 

atypical lipomatous tumors (ALTs) [32–35]. While the former only needs treatment in 

cases where quality of life is compromised (in the form of pain or functional disorders), 

ALTs are prone to an aggressive growth, possibly evolving into high-grade sarcomas 

[36–39]. 

 

Lipomas are usually present as soft tissue masses, usually painless, in the 

subcutaneous tissue of the extremities. Histologically, they are made of uniform, mature 

adipocytes, which are then covered by a thin fibrous capsule. In a magnetic resonance 

image (MRI) or computed tomography (CT) scan, they appear as a homogeneous and 

fat-enriched mass. The former is more preferable given its capability to enhance contrast 

of soft-tissues [40–42]. 

 

On the other hand, ALTs, even though they are clinically similar to lipomas, 

display a different biological behavior, entailing pain and possibly infiltrating adjacent 

tissues. Histologically, they appear as larger and more hyperchromatic fat masses with 

atypical adipose cells and lipoblasts. They contain more cellularity and, generally, larger 

fibrosis areas [43,44]. 

 

Their distinction has significant clinical implications. Lipomas, given their benign 

nature, may not need to be addressed if there is no pain, though their removal implies 

usually just a surgical resection. In contrast, ALTs require a more aggressive treatment, 

given their malignant potential. This treatment usually involves a wider surgical 

resection and sometimes radiotherapy (RT). Early detection and accurate 

characterization are therefore crucial for an optimal therapy planning and minimize 

recurrence [43,44]. 

 

Precise differentiation between both can be challenging when only taking into 

account clinical and medical imaging data, with radiology residents achieving 

approximately 65% accuracy. This performance contrasts with experimented attending 

radiologists, who reach accuracies of 90%, showcasing the importance of experience for 

discerning each type of tumor [45]. For this reason, and to bridge this gap of expertise, 
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clinical and medical imaging data are often combined with genetic analyses, with the 

goal of finding relevant biomarkers such as the mouse double minute 2 (MDM2) or the 

cyclin dependent kinase 4 (CDK4) genes [46]. 

 

1.1.2 Response prediction to palliative treatment for distant metastases 

When an existing cancer starts invading neighboring tissues, including the 

intravasation into both blood and lymph vessels to then extravasate and grow in the 

neighboring tissue, distant metastases can develop [47,48]. In such cases, patient 

response to metastasis can drastically vary depending on a number of factors, including 

the type and source of primary cancer, the metastasis location, and the specific 

characteristics of the individual. An effective management of pain response in such 

patients is crucial to improve their quality of life, and one of the most commonly 

treatments used is palliative RT. An accurate following of the pain response would allow 

for a better therapy planning and an optimized personalized treatment [49]. 

 

Bone metastasis and, particularly, painful spinal bone metastasis (PSBM), are a 

frequent complication of multiple types of primary cancers, especially breast, prostate 

and lung cancer [50–54]. Bone metastatic lesions can cause severe pain reactions, 

immobility and an overall reduction of the quality of life of the patient. Given its innate 

painful nature due to factors such as the direct bone destruction, nerve compression or 

inflammatory response, accurate response measures for PSBM patients after palliative 

RT has become an important area of research focus [55,56]. 

 

Pain caused by oncological complications is first addressed by combining 

pharmacological and non-pharmacological strategies. Among the former, usual 

treatments include analgesics, opioids, bisphosphonates and denosumab. However, 

when this strategy provides insufficient pain relief, it becomes supplementary to 

palliative RT treatment. Palliative RT works by shrinking the tumor size, relieving 

pressure in the area and slowing the destruction of the bone tissue, ultimately relieving 

of bone pain [57]. Even though there is a positive outcome in two thirds of patients, the 

decrease in pain may take from days to weeks from the therapy, and the effective 

response may vary, increasing the need of a personalized treatment.  

 

Pain response assessment after palliative RT treatment is an area of clinical and 

research interest. Recent approaches for its estimation involve the prediction based on a 

number of factors that are known to be influential regarding pain response. Besides 

oncological details such as the type and location of the primary tumor or the number of 

metastatic bone lesions, patient age, overall health condition and functional impairment 

measured by the Karnofsky performance scale are known clinical characteristics linked 



General introduction 

5 
 

to pain response [50–53]. In addition, relevant biomarkers and genetic profiles can also 

be used to determine the effectiveness of a given palliative RT treatment. 

 

1.1.3 Therapeutic strategies and side effects 

The principal cancer treatments include surgery, chemotherapy, targeted therapy 

and RT, each one having their unique profile and optimal uses. However, each of these 

indispensable strategies may cause secondary effects that affect the quality of life of 

patients both in gravity and duration. Understanding these effects take a significant role 

in tailoring their treatment strategy. 

 

Surgical interventions are the most traditional and one of the most effective 

treatments against cancer, especially in the early stages of the disease, when the tumor 

is more easily located and can be completely surgically removed. It is also used in 

combination with other therapies to remove the primary tumor, perform biopsies to 

evaluate the extension of the disease, and in some cases to provide relief to several 

symptoms in more advanced stages. The principal drawbacks to surgical interventions 

encompass pain, potential infections, scarring-related problems and limitations or 

complications of the body functions related to the location. For instance, mastectomy for 

breast cancer may cause lymphedema, causing swelling of the arm due to an 

accumulation of lymphatic fluid [58]. 

 

Chemotherapy treatments are based on the use of chemotherapeutic drugs to 

target cancerous cells, and it is especially useful in cases where the disease has 

metastasized, or when there is a high probability of recurrence. It is often used in 

combination with surgical interventions and RT, providing a systemic response against 

the disease. However, the impact of chemotherapeutic drugs is not limited to cancerous 

cells, but also to healthy cells of rapid growth. Its side effects as a result are comprised 

of nausea, vomits, hair loss, myelosuppression (reduction of blood cell production due 

to a reduced activity of the bone marrow), peripheric neuropathy, renal and hepatic 

disorders, and risk of secondary cancer and leukemia [59,60]. 

 

Targeted therapy is a strategy focusing on combating the molecules involved in 

the abnormal growth and propagation of cancer. Targeted therapy is mainly applied on 

cancers with well-defined and specific molecular characteristics, such as genetic 

mutations or protein overexpression. Thus, their use is particularly effective in cases 

where specific biomarker targets have been identified, for example in HER2-positive 

breast cancer and some types of leukemia and melanoma. Side effects of targeted therapy 

largely depend on the molecular target and the activation mechanism of the drug 

employed. Some of these adverse effects are hypertension, skin complications, 
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gastrointestinal effects and the hand-foot syndrome or palmar-plantar 

erythrodysesthesia [59,60]. 

 

RT uses ionizing radiation to eliminate cancerous cells, and it is especially useful 

when the disease is more localized. It is commonly used in combination before surgical 

resection to shrink the tumor and make the surgery less invasive (neoadjuvant therapy), 

or after surgery to remove residual cancerous cells (adjuvant therapy). RT is also used 

as palliative treatment, providing pain relief and slowing other symptoms such as the 

osteoclast activity in bone metastasis cases. Even though RT is a crucial strategy as the 

main therapy, adjuvant therapy or palliative therapy options, it can also cause acute and 

late secondary effects. Acute effects include erythema, mucositis and general skin 

inflammation, edema, fatigue, and desquamation or lysis of epithelial moist and dry 

cells. Late adverse effects, on the other hand, entail fibrosis or fibrotic scarring of tissues, 

necrosis of tissues, and the development of secondary cancers due to the exposure to 

radiation [61,62]. 

 

Breast cancer is one of the most common types of cancer in women, and RT is one 

of the standard treatment options. This is especially the case after lumpectomy or 

surgical intervention conserving the breast, as a way to eliminate residual cancerous 

cells. Here, the spectrum of adverse effects is largely similar. Skin inflammation, edema 

and moist cells epitheliolysis stand out as the most common acute side effects after RT 

on breast cancer cases [63–65]. 

 

There are several strategies that can be employed in order to minimize the 

adverse effects of these treatments. Intensity-modulated RT, deep-inspiration breath 

hold gated RT, and image-guided RT allow for a higher precision in administering doses, 

avoiding significant exposures to healthy tissues. Some other strategies include pain 

relief therapies, physiotherapy for lymphedema cases, and a regular check and 

prognosis for an early detection of late side effects [66–68]. 

 

1.1.4 Monitoring of cancer evolution and effectiveness of treatment with 

medical imaging 

An effective surveillance of cancer progression and the response of the patient to 

therapy is a critical part of managing the disease. It allows physicians to evaluate the 

effectiveness of treatments, early recurrence detection, and adjust the therapy as needed.  

 

Historically, cancer monitoring has been based on traditional imaging 

technologies such as CT, MRI and positron emission tomography (PET) scans. CT uses 
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X rays to create images that help understanding the size and extension of the tumor. MRI 

scans, on the other hand, rely on magnetic fields and radio waves to produce images 

where soft tissues are normally highlighted, giving further information about the 

structure and composition of the tumor. While there are multiple protocols and 

sequences in MRI, three stand out: T1 weighted (T1w), T2 weighted (T2w), and T1 with 

the suppression or saturation of fat tissues with a contrast agent such as gadolinium 

(T1fsgd). PET scans, lastly, combine CT technology with the detection of metabolic 

activity of the tumor, using radioactive tracers to identify these areas of higher metabolic 

activity, indicating the presence of malignant bodies. Overall, these methods allow the 

visualization of tumoral bodies and their surroundings, detect changes in their size, 

shape, composition, or presence of metastases [69–71].  

 

Advanced technologies such as radiomics emerged as promising tools in the field, 

providing detailed quantitative data that can supplement traditional radiology methods 

and clinical information [72–74]. The features captured by radiomics data, also known 

as radiomics biomarkers, include information about their texture, shape, intensity, 

heterogeneity, and first-order statistics that analyze the distribution of individual voxel 

values, disregarding spatial relationships [73–75].  

 

Radiomics biomarkers are highly rich in information, making them excellent 

candidates to be used for predicting treatment response in cancer patients. In this way, 

radiomics models are able to effectively provide supplementary knowledge to 

physicians when personalizing and adjusting therapies. Further, radiomics features can 

be useful when estimating patient prognosis by predicting tumor aggressiveness and 

survival probabilities, and when performing early detection of recurrence studies [76]. 

 

The advantages of radiomics biomarkers become pivotal when considering more 

rare types of tumors, or others with a more difficult profile. Ewing sarcomas can be 

found in this context: a rare malignancy found primarily in bone or soft tissues. Due to 

its uncommon and aggressive nature, Ewing sarcomas require close monitoring, 

performed via radiologist readings on the different imaging techniques. Bone 

scintigraphies are an alternative scanning option given the propensity of this type of 

tumor to infect bone tissues [77,78].  

 

1.2 Artificial intelligence in medicine 

Artificial intelligence (AI) is revolutionizing the field of medicine, providing new 

supplementary tools and perspectives to improve the diagnostic, treatment selection and 

prognostic of many diseases. The ability of Machine learning (ML) and deep learning 
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(DL) models to detect complex patterns from large volumes of data provides additional 

insights that would otherwise be unavailable to medical practitioners.  

 

This pattern recognition ability is also used in biomedicine to develop new 

treatments by finding new biomarkers and predicting the drug therapy response. In this 

context, AI is also used in combination with genomics and proteomics data to predict 

safety concerns regarding drugs in development, their potential secondary effects, and 

unforeseen adverse effects from combining FDA / EMA-approved drugs in a treatment 

strategy [79,80]. 

 

Thanks to this ability to interpret vast and complex data, it is quickly integrating 

in multiple areas of medicine, improving the precision and efficiency of medical services 

and overall functions. AI models that can analyze medical images, records of patients 

and genomics data are useful tools for diagnosis purposes, allowing treatment to start in 

the early stages of a disease, when it is commonly more effective [81]. 

 

1.2.1 Evolution and state-of-the-art of AI in oncology 

Oncology has been one of the fields that benefitted the most from AI integration 

thanks not only to the ability to interpret large volumes of clinical data, but to find 

patterns in complex and heterogeneous diseases such as cancer. Over the years, multiple 

AI models have been developed and refined for their use in oncology, each one having 

their strengths and weaknesses. 

 

The first AI models developed for oncology were expert systems and simple ML 

algorithms. Among the former stands out the system MYCIN, used in the 70s to diagnose 

bacterial infections and suggest treatments. While not related to oncology, it laid out the 

foundation for the practical application of AI tools in medicine [82,83]. On the other 

hand, the first ML models used in oncology were mainly decision trees, a type of 

supervised learning algorithm used mostly in the 80s and in the 90s to classify types of 

cancer based on clinical and pathological data [84]. 

 

As computational resources became more available, the ML models developed 

advanced into more sophisticated ones, and began taking a more prominent role in 

oncology. In the 2000s, support vector machines (SVM) grew in popularity mainly for 

their classification capabilities and better handling of larger numbers of variables. They 

are used primarily to classify histological images and predict chemotherapy treatment 

outcomes [85,86]. On the other hand, as an evolution of decision trees, random forests 

(RF) have since been widely used to classify types of cancers as well. The main 
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advantages of RFs are their ability to handle missing values and correlated variables, 

making them a valuable addition in a field where incomplete data may be more common 

[87]. 

 

In the last decade, DL techniques have revolutionized many medical and non-

medical fields with their ability to process both images and amounts of omics data on an 

unprecedented scale. Convolutional neural networks (CNN) have been particularly 

useful when analyzing mammographies (X-ray imaging), CTs and MRIs, able to detect 

complex patterns directly on the scans. Recurrent neural networks (RNNs), on the other 

hand, are primarily used to analyze time series and longitudinal data. Thus, DL 

techniques are currently very powerful tools to predict the response to treatments over 

time and follow the evolution of cancer [88,89]. 

 

Some specific models have proven to be particularly useful and effective in 

oncology. On the one hand, survival models play a crucial role in the prognosis and 

likelihood of events, with probabilities drawn usually from clinical and genomic data. 

One of the most common models is the semi-parametric Cox proportional hazard model 

[90,91], which has also led to popular extensions using more complex algorithms, such 

as DeepSurv, using deep neural networks [92]. On the other hand, radiomics models 

have become indispensable tools that can accurately address many oncology-related 

challenges, owing to their flexibility and the rich patterns inherent in radiomics features 

[45,93–97]. 
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2 Hypotheses and aims of the thesis 

Radiomics has been at the forefront of oncology research for the past years as a 

powerful tool to quantify information in medical imaging. This technology allows for 

the analysis of complex patterns, and volumetric and textural characteristics that could 

otherwise be overlooked. The integration of such rich information in AI models can lead 

to a more effective precision medicine, and to more accurate clinical decisions. Even 

though radiomics models have already found extensive applications in oncology owing 

to their versatility and predictive capabilities, there still remain many oncological 

challenges to be addressed.  

 

This study aims to leverage the potential of AI and radiomics to answer some of 

these unsolved scientific questions regarding cancer, posed as supervised learning 

classification challenges. Specifically, the hypotheses of this work cover four of the most 

common and promising applications of radiomics models in oncology, which were 

introduced in the first part of the General introduction. Each of the working hypotheses 

has been addressed in the different chapters below, based on a common general 

objective. 

 

1) Development and Evaluation of MR-Based Radiogenomic Models to 

Differentiate Atypical Lipomatous Tumors from Lipomas 

The aim of this chapter was to design and implement ML and DL models to 

automatically distinguish ALTs and lipomas based on radiomics information extracted 

from MRI scans, and the presence of the genomic biomarker MDM2. These models aim 

to bridge the difficulty of such division, challenging for radiology residents but feasible 

for attendant radiologists with years of experience. Therefore, the hypothesis posed in 

this section is:  

- Radiogenomic AI models can differentiate, with high accuracy, between 

biologically similar tumors such as ALTs and lipomas.  

 

2) The importance of planning CT-based imaging features for machine learning-

based prediction of pain response  

This chapter intended to evaluate the capability of AI to predict the response to 

palliative RT treatment for pain treatment in patients with PSBM. Additionally, the most 

important factors for this estimation were analyzed to understand what are the most 

essential parameters for pain response prediction. Such capability would significantly 

improve optimal treatment decisions, aiming to increase the quality of life for patients 

in later stages of the disease. Therefore, the hypotheses posed in this section are:  
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- AI models can accurately predict the complete response to palliative RT 

treatment in PSBM patients. 

- Radiomics features can capture with most precision the patterns related to 

complete pain response to palliative RT in PSBM patients compared to a 

clinical baseline. 

- The spinal instability neoplastic score (SINS) can be used as a gold-standard 

assessment variable for the prediction of complete pain response in PSBM 

patients. 

 

3) Insights from CT-based Radiomics: Predicting Breast Cancer Radiotherapy Side 

Effects 

The goal of this chapter is to leverage the predictive power of ML models and 

radiomics information to anticipate adverse effects from the application of RT to breast 

cancer patients. A better prediction of these side effects would allow a more personalized 

treatment of them, with the aim to improve the quality of life of patients both short-term 

and long-term after therapy. Further, in this chapter the predictive influence of the total 

breast volume is explored, which has been reported to significantly correlate to the 

outcome of multiple types of radiomics models when applied to breast cancer scans 

[98,99]. Lastly, the extent of this correlation has been measured to evaluate the effect it 

has on the performance of the radiomics models. Therefore, the hypotheses formulated 

in this section are: 

- Radiomics models can accurately predict the appearance of side effects from 

RT treatment of breast cancer. 

- Total breast volume (TBV) influences significantly the performance of 

imaging radiomics models in breast cancer. 

 

4) Can Radiomics outperform Radiologists in Predicting Ewing Sarcoma Response 

to Neoadjuvant Chemotherapy from Longitudinal MRI? 

The motivation of this chapter is to evaluate the prognostic power of radiomics in 

cases of Ewing sarcoma. These rare malignancies are difficult to treat, and extracting 

information from their few cases is also challenging. For this reason, radiomics models 

can substantially improve clinical outcomes via the identification of patients not 

responding to the initial chemotherapy prior to surgical intervention. In addition, in this 

chapter the performance of radiomics models was compared to that of models trained 

on information extracted from radiology readings. Therefore, the hypotheses formulated 

in this section are: 

- Radiomics models can effectively predict the histological therapy response of 

Ewing sarcoma patients treated with neoadjuvant chemotherapy. 
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- Radiomics models outperform radiology readings models when applied to 

the response prediction of Ewing sarcomas treated with neoadjuvant 

chemotherapy. 
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3 Overall materials and methods 

While the publications contained in this thesis cover the oncological bases 

excellently, it is essential to highlight the rationale behind key computational steps that 

have been undertaken. It is often the case that some necessary processes for the 

correctness and reproducibility of the methodology can accidentally be overlooked or 

skipped. In this section, a brief description and purpose of such steps is provided. 

 

3.1 Image acquisition to feature extraction 

All CT and MRI scans, obtained from each respective center as described in the 

publications of the thesis, were analyzed by expert radiation oncologists to segment the 

appropriate volumes of interest (VOI) using 3D Slicer [100]. Preprocessing of CT and MR 

images included several key steps to ensure their consistency and quality before 

extracting the radiomics features. Intensity normalization was applied to standardize the 

value of all pixels in the MRI images for a better comparison. Image discretization is then 

used to divide the continuous pixel values into bins of discrete intervals to optimize the 

performance of the image analysis. Uniformity of the voxel dimension sizes was 

achieved via isotropic resampling using BSpline interpolation, which adjusts the spatial 

resolution of the images while retaining the continuity and resolution of the anatomical 

structures [101]. Finally, Laplacian of Gaussian filtering highlights borders and local 

variations in the image, helping improve the detection of structures for subsequent 

radiomics analysis. The steps required for each set of CT or MR images are detailed 

further in the methodology sections of the respective studies. 

 

The same feature extraction process was followed for each of the image sets, using 

the pyRadiomics library [102] and standardized acquisition parameters according to the 

Imaging biomarker standardization initiative (IBSI) guidelines [103]. This initiative is 

used to standardize the process of extracting quantitative biomarkers from medical 

images, in order to increase the reproducibility and comparability of radiomics studies. 

To this end, IBSI establishes specific protocols for the preprocessing of images, feature 

extraction and data analysis, promoting homogeneity across different studies and 

platforms. This extraction process yields the conventional 104 to 105 variables, labelled 

as original, which contain the most promising and informative radiomics features [104]. 

 

The extracted radiomics features are grouped depending on the specific 

characteristics of the image they capture. Shape features capture the volumetric and 3D 

geometry details of the structures within the images. First order features aim to quantify 

the intensity distribution of the image voxels, which are defined by their mean, standard 

deviation or entropy. Additionally, there are five more groups that capture in different 

ways the texture features: gray level co-occurrence matrix, gray level run length matrix, 
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gray level size zone matrix, neighboring gray tone difference matrix, and gray level 

dependence matrix. These groups of texture features analyze the spatial relationships 

between pixels, providing information about the heterogeneity or contrast of the image 

by assessing variations in gray levels across the image [102]. 

 

3.2 Data preprocessing 

There is a number of steps that need to be performed before the extracted features 

can be used to train AI models. Furthermore, their order and the stage when they are 

conducted is critical not just to their proper processing, but to avoid significant problems 

such as biased or skewed distributions, tendency to overfit, data leakage or significant 

performance loss. 

 

The first step taken to preprocess the extracted radiomics features is to clean the 

data of missing values, and remove potential external sources of error. When the source 

images belong to a multicentered study, it is essential to remove the batch effects of 

different centers and machineries via nonparametric harmonization. This systematic 

effect is independent from any other corrections performed at a later stage, and should 

therefore be addressed first. To accomplish this, during the extraction of technical details 

of the scans from the digital imaging and communication in medicine (DICOM) files, the 

manufacturer of each CT or MR machine is recorded for their use in this process. By 

undertaking this step, the multicentered batch effect, which is the most significant 

instrumental error, is corrected. 

 

Prior to executing computational operations with non-numeric features, which 

may be present in clinical or radiology feature sets, these were encoded into binary 

features. One hot encoding suffices for most categorical variables, though binary 

encoding has been employed in the cases of very sparse data. While it adds a very small 

amount of data leakage due to introducing a shallow correlation between the created 

binary variables, the sparsity of the data would otherwise transform these features into 

a large number of binary features, potentially harming the model’s performance further. 

 

To reduce the human error by removing the segmentation-dependent radiomics 

features, in all cases a number of scans have been re-segmented by a second radiation 

oncologist. Given that all radiomics features are numerical and continuous, features 

subjective to segmentation variations were identified and excluded by intraclass 

correlation (ICC) 3,1 and a threshold of 0.8. This specific test was chosen because the 

physicians were not rated as representative of a defined rater group, given their different 

extents of training in each case. In the case of discrete or categorical variables, present in 

radiology features, inter-rater variability was tested via Cohen’s Kappa test with a 
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threshold of 0.4. Given the sparsity of the radiology data, this test was used as an 

alternative to Fleiss Kappa [105]. 

 

3.3 Model optimization 

After addressing potential instrumental and human errors, and before splitting the 

data using repeated nested cross-validation (n-CV), outliers were detected and removed 

so that they do not affect the data distribution of the resulting resampling splits. Data 

normalization, feature selection and class imbalance correction were performed in the 

innermost fold of the n-CV in order to avoid data leakage issues, such as training data 

being normalized taking into account values of validation or test splits. However, 

datasets that come from a multicentered study, which undergo a batch harmonization 

step, require the data to be previously normalized. In such cases, an exception is made 

to meet the batch harmonization specifications.  

 

The specific fold numbers of the n-CVs were selected based on each of the dataset 

sizes and their information density. In addition, for the achievement of more robust 

statistical significance of results, n-CV was repeated a number of times depending on 

available computational resources and the estimated running time of a single iteration. 

In some cases, it was necessary to stratify the data splits of the n-CV based on hierarchical 

relationships from the independent variables. For instance, in a study where patients 

underwent certain treatments, one patient may appear more than once due to multiple 

instances of the studied affliction. In such cases, all entries from the same patient have to 

be kept in the same fold to avoid data leakage of that patient to other folds, therefore 

preserving the hierarchical relationship between patients. 

 

The last processing steps, carried out in the inner fold of the n-CV, were performed 

in the following order: first, feature values were transformed to a common scale using 

min-max scaling. This type of normalization was selected so that the same distribution 

of each feature is conserved in the common scale, further preserving the information 

within the data.  

 

Second, after features are normalized, these were filtered using different feature 

selection techniques, comparing their ability to reduce redundancy, and focusing only 

on the most important features. To reduce the arbitrariness of such a critical step, a 

decision was used that combined the one in ten rule for feature selection and the 

estimated number of features needed to retain 95% of information by a principal 

component analysis (PCA) [106]. However, it is important to note that PCA can only be 

used as an estimate in situations where the relevance of each feature in the performance 

of the AI models is to be extracted. Otherwise, the nature of the transformed features by 
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PCA would render this task impractical. Finally, though more techniques were initially 

tested during research (such as variance threshold, recursive feature elimination or 

random forest selection), the main feature selection techniques utilized were minimum 

redundancy-maximum relevance (MRMR) and a two-step Spearman rank correlation 

coefficient, where first the most redundant features were discarded, and in a second step 

the most relevant features were selected [107]. MRMR was applied consistently in all 

four studies included in this thesis. A two-step Spearman rank correlation coefficient 

was also explored in all studies. However, given that the volume of results varied across 

the four studies, they were only incorporated in the final analyses of the third and fourth 

studies, where this comparison met the criteria for inclusion. The optimal number of 

features to be selected in each step was treated as another hyperparameter to optimize. 

 

Third, once the data in a given fold has been normalized and features selected, 

class imbalance was corrected by using either of two most common techniques: by 

applying synthetic minority oversampling technique (SMOTE) on the minority class, 

combined with random undersampling of the majority class; or by using class weights. 

Following this order, therefore, possible generated synthetic data during class imbalance 

correction will not bias the feature selection process nor the scaling of the data. The right 

balance of SMOTE and random undersampling, and the correct class weights, have been 

estimated during the hyperparameter optimization process as well. 

 

3.4 Machine learning modeling and statistical analysis 

Hyperparameter optimization has been conducted using an iterative refinement 

approach, where optimal values are determined progressively for a finer precision in the 

optimization process, while decreasing running time compared to an exhaustive grid 

search. Several metrics were initially tested as the optimization criteria, although 

balanced accuracy (BA) was used as the main metric to further take into account 

potential class imbalances. In the case of a tie, F1 score served as tiebreaker. 

 

An exhaustive analysis of the performance of most common ML models used with 

radiomics features has been performed in each of the works included in this thesis, for 

their respective aim. The models utilized were support vector machine (SVM), random 

forest (RF), least absolute shrinkage and selection operator (LASSO), a fully connected 

feedforward neural network (multilayer perceptron, MLP), and a logistic regression (LR) 

for the smaller datasets. Other models were initially considered and tested, but were not 

reported in the publications due to several reasons, one being the frequent overfitting 

caused by the use of complex models on very small datasets [108–110]. 

 



Overall materials and methods 

17 
 

Performances have been monitored with multiple scores and plots to avoid biased 

conclusions, such as overoptimistic inferences in the case of imbalanced datasets when 

only predicting the majority class. The metrics presented are the area under the receiver-

operator characteristic (AUROC), BA, F1 score, sensitivity and specificity to quantify 

their overall efficacy; and Matthews correlation coefficient (MCC) to assess the quality 

of the predictions. Whereas AUROC was used as the main metric to showcase the 

performance of the models, all of them were taken into account for the training and 

optimization process. In addition, the ROC and calibration curves are also provided. 

Unless otherwise specified, all scores are presented with 1.96 times the standard error 

(SE) for a 95% confidence interval of the results over all iterations of the results for the 

models. For instance, in a scenario of 50 iterations of a 5-fold n-CV, the scores have been 

presented as the average metric across all 250 final models ± 1.96 * SE. 

 

Lastly, the impact that the individual features have had on the predictions has also 

been analyzed in all publications. Depending on the model, feature importance is 

reported as the weight or coefficient such a feature had (in the case of LASSO, linear 

kernel SVM, LR and MLP), or node impurity (in the case of RF). To account for features 

that are heavily relevant only in a few iterations, or features that were moderately 

informative but have been selected consistently, either score has been combined with the 

overall frequency of that particular feature being selected. This was calculated as 𝑆𝑐𝑜𝑟𝑒 =

 𝐹𝑒𝑎𝑡𝑢𝑟𝑒 𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒 [(𝑛 + 1) − 𝑚]⁄ , where Feature Importance is the importance score 

corresponding to the type of model, n is the number of models, and m is the number of 

times the feature has been chosen.  

 

Figure 1. Graphical workflow followed for the differentiation of ALTs and lipomas (Section 4.1) [45]. 
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Figure 2. Graphical workflow followed for the prediction of complete pain response after palliative RT treatment in 

PSBM patients (Section 4.2) [93]. 

 

Figure 3. Graphical workflow followed for the prediction of RT side effects in breast cancer patients (Section 4.3) 

[111]. 
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Figure 4. Graphical workflow followed for the monitoring of neoadjuvant chemotherapy treatment response to Ewing 

sarcoma patients (Section 4.4). 
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4 Results 

4.1 Development and Evaluation of MR-Based Radiogenomic Models to 

Differentiate Atypical Lipomatous Tumors from Lipomas
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Simple Summary: Differentiating atypical lipomatous tumors from lipomas on MR images is a
challenging task due to similar imaging characteristics. Given these challenges, it would be highly
beneficial to develop a reliable diagnostic tool, thereby minimizing the need for invasive diagnostic
procedures. Therefore, the aim of this study was to develop and validate radiogenomic machine-
learning models to predict the MDM2 gene amplification status in order to differentiate between ALTs
and lipomas on preoperative MR images. The best machine-learning model was based on radiomic
features from multiple MR sequences using a LASSO algorithm and showed a high discriminatory
power to predict the MDM2 gene amplification. Due to the varying settings in which patients with
lipomatous tumors present, this model may enhance the clinical diagnostic workup.

Abstract: Background: The aim of this study was to develop and validate radiogenomic models
to predict the MDM2 gene amplification status and differentiate between ALTs and lipomas on
preoperative MR images. Methods: MR images were obtained in 257 patients diagnosed with ALTs
(n = 65) or lipomas (n = 192) using histology and the MDM2 gene analysis as a reference standard.
The protocols included T2-, T1-, and fat-suppressed contrast-enhanced T1-weighted sequences.
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Additionally, 50 patients were obtained from a different hospital for external testing. Radiomic
features were selected using mRMR. Using repeated nested cross-validation, the machine-learning
models were trained on radiomic features and demographic information. For comparison, the
external test set was evaluated by three radiology residents and one attending radiologist. Results:
A LASSO classifier trained on radiomic features from all sequences performed best, with an AUC
of 0.88, 70% sensitivity, 81% specificity, and 76% accuracy. In comparison, the radiology residents
achieved 60–70% accuracy, 55–80% sensitivity, and 63–77% specificity, while the attending radiologist
achieved 90% accuracy, 96% sensitivity, and 87% specificity. Conclusion: A radiogenomic model
combining features from multiple MR sequences showed the best performance in predicting the
MDM2 gene amplification status. The model showed a higher accuracy compared to the radiology
residents, though lower compared to the attending radiologist.

Keywords: radiomics; machine learning; soft-tissue sarcomas; radiology; MRI

1. Introduction

Lipomatous tumors are the most common neoplasms encountered by physicians and
the most frequent soft-tissue tumors of the extremities [1]. Of these, 40 to 45% are benign
adipocytic tumors (lipomas) or atypical lipomatous tumors (ALTs) [2–5]. Lipomas only re-
quire treatment if the mass effect causes symptoms such as pain or functional disorders [6].
ALTs may show locally aggressive growth and may dedifferentiate into high-grade sarco-
mas [7–10]. Therefore, ALTs are typically resected [11]. Histopathological differentiation
relies on the detection of atypical hyperchromatic nuclei and the immunohistochemical
evaluation of the molecular analysis of the mouse double minute 2 (MDM2) gene [12].
However, the detection of these atypical hyperchromatic cells can be challenging since
they are frequently scattered throughout the lesion, and detection is often complicated by
fibrous septa, subsequently requiring a careful analysis of the entire tumor [12–14]. Previ-
ous studies have shown that the MDM2 amplification status is the most accurate marker
to differentiate ALTs and lipomas, and there is a tendency towards sampling errors if the
MDM2 status is not determined [12,15–17]. Unfortunately, the majority of MR imaging
studies differentiating ALTs from lipomas did not include a molecular analysis, or only
performed a molecular analysis in a subset of patients [6,14,18,19].

MR imaging is the standard imaging modality for the assessment of soft-tissue tumors
due to its excellent soft-tissue contrast [20–22]. Specific imaging features such as the tumor
size, tumor location, presence of thick septa, and amount of contrast uptake can be used
to differentiate ALTs from lipomas [6,13,18,19,23]. However, since there is a substantial
overlap between these imaging features in both tumor types, differentiating ALTs from
lipomas is a challenging task. Moreover, previous studies of systematic radiologic readings
have reported relatively low inter-observer reproducibility, with a kappa agreement ranging
from 0.17 to 0.42 [13,19,24]. Given these challenges, it would be highly beneficial to develop
a reliable diagnostic tool to differentiate ALTs from lipomas on preoperative MR images,
thereby minimizing the need for invasive diagnostic procedures.

Machine-learning techniques, including imaging-based radiomics, permit a non-
invasive detailed analysis of a tumor phenotype by using a quantitative imaging feature
analysis [25,26]. However, one of the main challenges of radiomic models includes repro-
ducibility in different datasets [27,28]. Therefore, the aim of this study was to develop and
validate radiogenomic machine-learning models based on multiparametric MR examina-
tions to predict the MDM2 gene amplification status in order to differentiate between ALTs
and lipomas on preoperative MR images. The models were evaluated using an independent
external cohort for testing and were compared to the performance of radiologists.
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2. Materials and Methods

The local institutional review boards approved this retrospective multi-center study
(ethics committee 666/21 S) The study was performed in accordance with our institutional
ethic guidelines and the 1964 Declaration of Helsinki and its later amendments. Written
and informed consent was waived for this retrospective anonymized analysis.

2.1. Datasets

We retrospectively reviewed the records of all patients with lipomatous tumors in the
upper or lower extremities or trunk that had surgery performed at our sarcoma referral
center between 2010 and 2021 (n = 573). Of these, 424 patients had a histologically con-
firmed diagnosis of a lipoma or an ALT. The MDM2 amplification status, determined by
fluorescence in situ hybridization (FISH) of the MDM2 gene locus, was available for n = 257
patients. Patients without an MDM2 amplification status were excluded. Therefore, in the
final dataset, both the histology and the MDM2 gene amplification status were available
for all patients. Two senior pathologists specializing in the analysis of soft-tissue tumors
provided a final consensus diagnosis based on the MDM2 gene amplification status and
histology according to the World Health Organization criteria. The patient selection process
is shown in Figure 1.
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minute.

In addition, an external test set was obtained from a further sarcoma referral center,
the University Hospital of Freiburg (M1), for final independent testing and geographical
validation. The external test set included patients with a diagnosis of a lipoma or an ALT
confirmed by their histology and MDM2 amplification status.
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2.2. MR Imaging Protocol and Image Segmentation

Pre-operative MR images were acquired using 3 or 1.5 Tesla scanners. Sequences
were acquired in at least two planes that were oriented along the short and longitudinal
axes of the long articulating bone(s). The protocols included a T2-w turbo spin echo (TSE)
sequence (T2w), a T1-w TSE sequence (T1w), and a fat-saturated T1-w TSE sequence after
the administration of a contrast agent (T1fsgd). Detailed information on the acquisition
parameters is provided in Supplementary Material Table S1.

To define the volumes of interest (VOIs), tumor segmentations were performed manu-
ally by two radiology residents (S.C.F. and G.C.F.) using the open-source software 3D Slicer
(3D Slicer, Version 4.8, stable release) and extracted as Neuroimaging Informatics Technol-
ogy Initiative (NIfTI) label maps for further analysis. Multiple delineations were performed
by S.C.F. and G.C.F. in 20 randomly selected patients to account for inter-reader variability.

2.3. Radiomic Feature Extraction and Machine-Learning Model Development

All preprocessing steps and radiomic feature extractions were conducted in accor-
dance with the Imaging Biomarker Standardization Initiative guidelines [29] using the
Python package PyRadiomics (version 2.2) implemented in Python (3.7), as previously
described [30]. Image discretization was conducted using a bin width of 10 to achieve a
bin count between 16 and 128, as recommended by the pyradiomics documentation [31].
Image intensity normalization was achieved via redistributing the image at the mean with
a standard deviation and a scale of 100. Bspline interpolation was used to perform isotropic
resampling to a voxel size of 1 × 1 × 1 mm of the image and VOI mask. A total of 104 fea-
tures were extracted from the original image of each sequence within the segmented label
map (resulting in a total of 312 radiomic features), including first-order features, shape fea-
tures, and texture features. The latter comprised “gray-level co-occurrence matrix” features,
“gray-level size-zone matrix” features, “gray-level run-length matrix” features, “neighbor-
ing gray-tone difference matrix” features, and “gray-level dependence matrix” features. No
features were extracted from filtered versions of the image due to a missing IBSI consensus.
A detailed list of all extracted features is provided in Supplementary Material Table S2.
Feature values were transformed to a common scale using min–max normalization in order
to conserve their original distribution in the [0,1] range. Data normalization was performed
prior to splitting the data into training and testing groups due to the batch harmonization
step requirements. Nonparametric ComBatBatch harmonization was applied to account for
the variability introduced by different MR scanners, as described previously [30]. Clinical
features such as age, sex, and body region of the tumor (torso/head, upper extremity,
or lower extremity) were also included. Categorical features were encoded into dummy
numeric arrays using one hot encoder. All radiomic features susceptible to segmentation
variations were excluded using a threshold intraclass correlation coefficient (ICC 3,1) of 0.8.
This statistic resulted in 5, 15, and 4 radiomic features that were excluded from the T1w,
T2w, and T1fsgd sequences, respectively. ICC 3,1 was chosen, as the raters were not rated
as representative of a defined rater group due to their differing extents of training.

An estimate of the number of reduced features to use was calculated using a prin-
cipal component analysis (PCA) with 95% of data variance: 11 to 13 features for the
individual sequences (T1w, T2w, and T1fsgd) and 19 to 21 features for the combined fea-
tures of all sequences. Each respective number of features was selected using minimum
redundancy–maximum relevance (MRMR). Synthetic minority over-sampling and random
under-sampling of the majority class were used to counteract the class imbalance. The
ratios were tuned to find an optimal balance between data augmentation and data discard,
with ratios of 0.5–0.6:1 after SMOTE and 0.6–0.8:1 after the random under-sampling of the
majority class. The remaining class imbalance was handled by using balanced accuracy
as the optimization criteria during hyperparameter optimization. Four machine-learning
algorithms were implemented and compared in their performance: the support vector ma-
chine (SVM), the random forest classifier (RFC), the least absolute shrinkage and selection
operator (LASSO; built from a stochastic gradient descent classifier), and a fully connected,
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feedforward artificial neural network (ANN; multilayer perceptron classifier). A flow chart
of the data processing and analysis of the radiomic features can be found in Supplementary
Material Figure S1. For each algorithm, models were developed by (i) using demographic
information only, (ii) using radiomic features for each individual sequence (T1w, T2w, or
T1fsgd), (iii) using the radiomic features of all sequences, and (iv) using a combination of
both the radiomic features of all sequences and demographic information. An overview of
the radiomic workflow is shown in Figure 2.
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2.4. Model Optimization, Evaluation, and Statistical Analysis

Training and validation were performed using 3-fold nested cross-validation with
50 repetitions for statistical robustness, for a total of 150 averaged iterations per modeling
algorithm and dataset. Hyperparameter optimization was conducted using an exhaustive
grid search. This step was performed in the inner fold, after the feature selection step via
MRMR, to prevent data leakage. Balanced accuracy was used as the optimization criterion
to determine the best set of hyperparameters.

The performance of the models was evaluated with the area under the curve (AUC)
obtained from the receiver–operator curve (ROC), plotted after averaging the yielded
values. We also included the accuracy, sensitivity, and specificity as the output measures.
For an unbiased evaluation, a final cross-validation step was implemented by selecting
the best values obtained from the internal dataset before evaluating the performance on
the external dataset. Stochastic gradient descent was used to calculate the probability of
each class prediction. Calculations of model metrics were performed using scikit-learn
(version 1.0.2).

For comparison, MR images of the external test set were rated independently by three
radiology residents (I.L., S.C.F., and G.C.F., with 2, 3, and 5 years of experience, respectively)
and one musculoskeletal imaging fellowship-trained radiologist (A.S.G., with 10 years of
experience) experienced in musculoskeletal tumor imaging. All readers were blinded to all
clinical and histopathological findings.



Cancers 2023, 15, 2150 6 of 14

3. Results
3.1. Study Subjects

A total of 257 patients were included in the internal dataset (192 lipomas, 65 ALTs;
age, 62.4 ± 14.5 years; 125 (48.6%) women). Fifty patients were included in the external
dataset (30 lipomas, 20 ALTs; age, 60.6 ± 12.5 years; 22 (44%) women). All patients had
a lipomatous tumor in one of the following six regions: chest, back, neck, leg, arm, hand,
or foot. In both datasets, the highest number of patients had a tumor located in the leg
(143/257 in the internal dataset and 27/50 in the external dataset), while the fewest number
of patients had a tumor located in the foot (two in the internal dataset and none in the
external dataset). Table 1 provides an overview of the subject characteristics.

Table 1. Patient characteristics.

Patient Characteristics Internal Dataset (n = 257) External Test Set (n = 50)

Age (years) * 62.4 ± 14.5 60.6 ± 12.5
Sex (women) 125 22

Tumor Location (Anatomical
Region)

Chest/Back 19 6
Neck 15 2
Leg 143 27
Arm 75 14
Hand 3 1
Foot 2 0

Lipomas n = 192 n = 30
Age (years) * 62.3 ± 14.4 57.5 ± 11.1
Sex (women) 88 12

Atypical Lipomatous Tumors
(ALT) n = 65 n = 20

Age (years) * 62.5 ± 15 65.2 ± 13.5
Sex (women) 37 10

* Data are given as mean ± standard deviation.

3.2. Evaluation of the Developed Machine-Learning Models

Table 2 shows the final performance of the developed models on the external test set
using demographic information only, radiomic features only (of all sequences combined),
and a combination of demographic and radiomic features. The best-performing machine-
learning model was based on a LASSO algorithm using a combination of all sequences,
achieving an AUC of 0.88 at 70% sensitivity and 81% specificity with an accuracy of 76% on
the external test set. The feature importance table, a confusion matrix, and a boxplot of the
prediction probabilities from this model can be found in Supplementary Material Table S5,
Supplementary Material Figure S2, and Supplementary Material Figure S3, respectively.

The AUC and accuracy for the individual sequences were lower for most models
compared to models based on the radiomic parameters from all sequences combined, with
a more imbalanced sensitivity/specificity. For T1w, the LASSO algorithm yielded an AUC
of 0.83 at 80% sensitivity and 43% specificity with an accuracy of 58%. For T2w, the AUC
was 0.82 at 42% sensitivity and 83% specificity with an accuracy of 69%. The highest AUC
(0.84) was yielded for the T1fsgd sequences, though the sensitivity and specificity were
highly imbalanced at 6% and 100%, respectively, with an accuracy of 60%. The performance
of the developed models for the individual sequences on the external test set is shown in
Supplementary Material Table S3.
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Table 2. Performance of the machine-learning models on the external test set using demographic
information or radiomic features only, as well as combining radiomic features and demographic
information for the following model architectures: least absolute shrinkage and selection operator
(LASSO), support vector machine (SVM), random forest classifier (RFC), and an artificial neural
network (ANN). External performance represents the values yielded when a final cross-validation
step considering only the best 150 best hyperparameter sets was implemented to predict the external
test set.

Model
Architecture Score Demographic

Features
Combined
Sequences

Combined Sequences +
Demographic

Features

LASSO

AUC * 0.56 (0.540.58) ± 0.07 0.88 (0.85–0.91) ± 0.07 0.72 (0.66–0.78) ± 0.15
Accuracy 0.58 0.76 0.77
Sensitivity 0.05 0.70 0.40
Specificity 0.93 0.81 1.00

SVM

AUC * 0.54 (0.51–0.57) ± 0.12 0.84 (0.80–0.88) ± 0.11 0.85 (0.82–0.88) ± 0.09
Accuracy 0.56 0.53 0.69
Sensitivity 0.10 0.90 0.80
Specificity 0.87 0.31 0.63

RFC

AUC * 0.63 (0.61–0.65) ± 0.06 0.87 (0.85–0.89) ± 0.05 0.87 (0.85–0.89) ± 0.05
Accuracy 0.50 0.69 0.69
Sensitivity 0.00 0.50 0.40
Specificity 0.83 0.81 0.88

ANN

AUC * 0.68 (0.66–0.70) ± 0.08 0.81 (0.77–0.85) ± 0.10 0.81 (0.77–0.85) ± 0.10
Accuracy 0.60 0.69 0.65
Sensitivity 0.00 0.70 0.60
Specificity 1.00 0.69 0.69

* Data are given as mean (95% confidence interval) ± standard deviation.

Interestingly, combining radiomic features and demographic information as the input
for the machine-learning models did not improve the performance of the LASSO algorithm
to differentiate ALTs from lipomas and resulted in a decrease in the sensitivity from 70%
to 40%, though the specificity increased to 100%. The averaged nested cross-validation
results of the internal dataset are shown in Supplementary Material Table S4. The training
parameters and source code can be found online (https://github.com/deedeedav/alt-
lipoma-radiomics (accessed on 9 March 2023)). Figure 3 shows an example of an ALT with
typical imaging findings encasing the right gracilis muscle, while Figure 4 shows a typical
example of a well-defined intramuscular lipoma in the right posterior thigh. Both cases
were identified correctly by the machine-learning model.

3.3. Comparison with Radiologists

The results of the independent radiological readings of the external test are shown in
Table 3. The radiology resident with 2 years of experience achieved an accuracy of 60%, a
sensitivity of 55%, and a specificity of 63%; the resident with 3 years of experience achieved
an accuracy of 70%, a sensitivity of 60%, and a specificity of 77%; and the radiology resident
with 5 years of experience achieved an accuracy of 70%, a sensitivity of 80%, and a specificity
of 63%. In comparison, the attending radiologist that was experienced in musculoskeletal
tumor imaging achieved an accuracy of 90%, a sensitivity of 96%, and a specificity of
87%. Compared to the radiology residents, the model showed a higher accuracy and
higher specificity, while the sensitivity was lower compared to the resident with 5 years
of experience, but higher compared to the residents with 2 or 3 years of experience. The
attending radiologist had a higher accuracy, sensitivity, and specificity. Figure 5 shows an
ALT with atypical imaging findings located subcutaneously. The machine-learning model
and the attending radiologist classified this tumor as an ALT, while all residents classified
this tumor as a lipoma.

https://github.com/deedeedav/alt-lipoma-radiomics
https://github.com/deedeedav/alt-lipoma-radiomics


Cancers 2023, 15, 2150 8 of 14

Cancers 2023, 15, x FOR PEER REVIEW 8 of 15 
 

 

shows a typical example of a well-defined intramuscular lipoma in the right posterior 
thigh. Both cases were identified correctly by the machine-learning model.  

 
Figure 3. Lipomatous tumor in the medial right thigh, encasing the gracilis muscle (G). (A) The axial 
T2-weighted and (B) axial T1-weighted MR images show a large heterogeneous tumor with thick 
septa. (C) Septal contrast enhancement on the coronal T1-weighted images with fat saturation. (D) 
The machine-learning algorithm classified the tumor as an ALT with a probability of 99.8%. This 
diagnosis was confirmed by pathology and immunohistochemistry after surgical resection. 

Figure 3. Lipomatous tumor in the medial right thigh, encasing the gracilis muscle (G). (A) The
axial T2-weighted and (B) axial T1-weighted MR images show a large heterogeneous tumor with
thick septa. (C) Septal contrast enhancement on the coronal T1-weighted images with fat saturation.
(D) The machine-learning algorithm classified the tumor as an ALT with a probability of 99.8%. This
diagnosis was confirmed by pathology and immunohistochemistry after surgical resection.
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Figure 4. Axial T2-weighted (A) and T1-weighted (B) MR images showing a well-defined intramuscu-
lar lipomatous tumor (lipoma) in the right posterior thigh without significant contrast enhancement
on the axial T1-weighted image with fat saturation (C). (D) The machine-learning model classified
this tumor as a lipoma (probability of 97.8%). This was in accordance with the diagnosis made by the
radiology residents and the attending radiologist.

Table 3. Performance of the radiology residents with 2, 3, or 5 years of experience and the fellowship-
trained radiologist that was experienced in musculoskeletal tumor imaging. Readers were blinded to
all clinical and histopathological findings.

Score Radiology
Resident, 2y

Radiology
Resident, 3y

Radiology
Resident, 5y

Fellowship-Trained
Radiologist

Accuracy 0.60 (30/50) 0.70 (35/50) 0.70 (35/50) 0.90 (45/50)
Sensitivity 0.55 (11/20) 0.60 (12/20) 0.80 (16/20) 0.96 (19/20)
Specificity 0.63 (19/30) 0.77 (23/30) 0.63 (19/30) 0.87 (26/30)
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Figure 5. Sagittal T2-weighted (A) and axial T1-weighted (B) MR images of a lipomatous tumor
located subcutaneously, anteromedial to the right proximal tibia. (C) A sagittal T1-weighted image
with fat saturation shows a moderate septal contrast enhancement. All radiology residents classified
this tumor as a lipoma, while the attending radiologist classified this tumor as an ALT. (D) The
machine-learning algorithm also classified this tumor as an ALT with a probability of 71.6%. The
diagnosis of an ALT was confirmed by pathology after surgical resection.

4. Discussion

In this study, machine-learning models were developed and validated to predict the
amplification status of the MDM2 gene, to differentiate between atypical lipomatous tumors
and lipomas on preoperative MR images, and to compare the results to the performance
of radiologists using an external test set. The best-performing model was based on the
combination of all MR sequences and achieved an AUC of 0.88 at 70% sensitivity and 81%
specificity with an accuracy of 76%. In comparison, the accuracy of the readings by all
radiology residents was lower, while the accuracy of the fellowship-trained radiologist was
higher. Notably, the performance of the LASSO algorithm for each individual sequence
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was lower compared to the model that included all sequences (T2w, T1w, and T1fsgd),
suggesting that all sequences are required for optimal discrimination.

Radiomic models for differentiating lipomas from ALTs have previously been devel-
oped in smaller patient cohorts. Leporq et al. evaluated 2D radiomic models of 40 lipomas
and 41 ALTs, including one MR image slice per patient [32]. Their best-performing model
achieved an accuracy of 95% at 100% sensitivity and 90% specificity using the histology
as the reference standard, though no specific information regarding the MDM2 gene am-
plification status was included, which may have led to a false classification of ALTs as
lipomas [32]. Cay et al. evaluated 45 lipomas and 20 ALTs using histology and MDM2
amplification as the gold standards [33]. They achieved an AUC of 0.987 at 96.8% sensitivity
and 93.72% specificity using 1000-fold bootstrapping [33]. However, since there was no
separate test set, the algorithm was likely optimized on data used for validation in another
bootstrapping iteration; therefore, these results may be inaccurately high [33]. A study by
Vos et al. included 116 patients (58 lipomas and 58 ALTs) and used MDM2 amplification as
the reference standard [34]. Their model performance was lower compared to our study,
yielding an AUC of 0.81 at 66% sensitivity and 84% specificity with an accuracy of 75%. An
important limitation of these aforementioned studies is that no external validation on an in-
dependent dataset was included. Also notably, the model performance was comparatively
high in studies based on smaller patient cohorts (n < 90). A possible explanation may be
a lack of variation in smaller datasets, which could affect the reproducibility in different
datasets. However, this is not clear, since no external testing was included.

Interestingly, combining imaging parameters and clinical data did not improve the
performance of most models for differentiating ALTs from lipomas, or only improved
the performance marginally. While some demographic differences have been described
between patients with ALTs and lipomas [23], it is likely that radiomic MR features are
considerably more relevant for differentiating between these tumor types, and including
parameters with less predictive power could hinder the capability of the models to identify
relevant patterns. It should be noted that only a limited number of clinical features were
included (age, sex, and tumor body region). Including additional clinical features may im-
prove the predictive value of the radiomic models. Future studies could also include clinical
outcome parameters to detect image-defined high-risk patients, thereby individualizing
tumor treatment.

Some limitations are pertinent to this study. Since the cohort included only patients
with histopathologically confirmed tumors, this potentially introduced a selection bias.
Moreover, our specialized sarcoma center typically only receives larger or atypical lipomas
on referral, subsequently increasing the amount of particularly challenging lipoma cases in
the dataset. We also used manual segmentations as input for the models, and developing a
pipeline that includes automated segmentations would be highly beneficial. In addition,
more advanced sequences such as diffusion-weighted imaging or pharmacokinetic dynamic
contrast-enhanced imaging were not included in the protocol. Including these sequences
could potentially improve the differentiation between ALTs and lipomas. Finally, the
developed models only differentiated between ALTs and lipomas, and while this is the
most challenging and clinically relevant task, further studies are warranted on the ability
to distinguish among all benign and malignant lipomatous tumors.

The advantages of the current study include its multicenter design, which allowed the
evaluation of the models on an independent external test set, thereby reducing potential
bias introduced by overfitting. Moreover, the dataset used for training was, to the best of
our knowledge, the largest MRI dataset of histopathologically confirmed lipomas and ALTs.
In addition, a histopathological analysis was conducted by pathologists specialized in the
analysis of soft-tissue tumors and included the immunohistochemistry for the assessment of
the MDM2 status in all cases. Furthermore, we excluded inter-/intra-reader segmentation-
dependent features and included variability features, making the model performance more
stable and reliable for other datasets.



Cancers 2023, 15, 2150 12 of 14

5. Conclusions

In conclusion, radiogenomic models were developed that showed a high discrimi-
natory power for predicting the MDM2 gene amplification status to distinguish between
atypical lipomatous tumors and lipomas on preoperative MR images. The best-performing
model was based on a LASSO algorithm using all MR sequences, with a higher accuracy
compared to radiology residents, suggesting that these algorithms would be particularly
helpful for radiologists with less experience. Due to the varying settings in which patients
with lipomatous tumors present, this model may enhance the clinical diagnostic workup
and improve the detection rate for atypical lipomatous tumors.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/cancers15072150/s1. Supplementary Material Table S1: Magnetic
resonance imaging sequence parameters. Supplementary Material Table S2: Extracted radiomic
features (n = 104). Supplementary Material Table S3: Performance of the machine-learning models on
the external test set of each individual sequence (T1w, T2w, and T1fsgd) using the following model
architectures: least absolute shrinkage and selection operator (LASSO), support vector machine (SVM),
random forest classifier (RFC), and an artificial neural network (ANN). The external performance
represents the values yielded when a final cross-validation step considering only the best 150 best
hyperparameter sets was implemented. Supplementary Material Table S4: Internal performance
representing the averaged values over 150 models resulting from the nested cross-validation using
demographic information, radiomic features of each individual sequence (T1w, T2w, and T1fsgd), or
radiomic features of all sequences combined, as well as combining radiomic features (of all sequences)
and demographic information for the following model architectures: least absolute shrinkage and
selection operator (LASSO), support vector machine (SVM), random forest classifier (RFC), and an
artificial neural network (ANN). The metrics are given as mean ± standard deviation. Supplementary
Material Table S5: Feature importance of the best-performing model (least absolute shrinkage and
selection operator (LASSO) trained on features from all radiomic sequences). Supplementary Material
Figure S1: Flow chart of the statistical analysis of the extracted radiomic features. Supplementary
Material Figure S2: Confusion matrix of the best-performing model, a least absolute shrinkage and
selection operator (LASSO) trained on all radiomic sequences. Misclassification rate: 0.23 ((FN +
FP)/(N + P)). Supplementary Material Figure S3: Boxplot of the prediction probabilities made by the
best-performing model (least absolute shrinkage and selection operator (LASSO) trained on features
from all radiomic sequences). The probability cut-off used was 0.5.
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The importance of planning 
CT‑based imaging features 
for machine learning‑based 
prediction of pain response
Óscar Llorián‑Salvador 1,2,3, Joachim Akhgar 1, Steffi Pigorsch 1, Kai Borm 1, 
Stefan Münch 1, Denise Bernhardt 1,4,5, Burkhard Rost 2, Miguel A. Andrade‑Navarro 3, 
Stephanie E. Combs 1,4,5 & Jan C. Peeken 1,4,5*

Patients suffering from painful spinal bone metastases (PSBMs) often undergo palliative radiation 
therapy (RT), with an efficacy of approximately two thirds of patients. In this exploratory 
investigation, we assessed the effectiveness of machine learning (ML) models trained on radiomics, 
semantic and clinical features to estimate complete pain response. Gross tumour volumes (GTV) and 
clinical target volumes (CTV) of 261 PSBMs were segmented on planning computed tomography (CT) 
scans. Radiomics, semantic and clinical features were collected for all patients. Random forest (RFC) 
and support vector machine (SVM) classifiers were compared using repeated nested cross-validation. 
The best radiomics classifier was trained on CTV with an area under the receiver-operator curve 
(AUROC) of 0.62 ± 0.01 (RFC; 95% confidence interval). The semantic model achieved a comparable 
AUROC of 0.63 ± 0.01 (RFC), significantly below the clinical model (SVM, AUROC: 0.80 ± 0.01); and 
slightly lower than the spinal instability neoplastic score (SINS; LR, AUROC: 0.65 ± 0.01). A combined 
model did not improve performance (AUROC: 0,74 ± 0,01). We could demonstrate that radiomics and 
semantic analyses of planning CTs allowed for limited prediction of therapy response to palliative RT. 
ML predictions based on established clinical parameters achieved the best results.

Bone metastasis, a common complication in oncology, poses significant difficulties in predicting pain response 
for patients. Machine learning (ML) techniques have been often used to address different oncological challenges, 
given the innovative approach they offer1–5.

There is a significant amount of cancer research based on ML techniques, applying different ML algorithms 
such as support vector machines (SVMs) and random forest classifiers (RFCs)6–8. One field that has experienced 
a rapid growth over the last few years thanks to the use of ML techniques to extract information from these 
features is radiomics9–13.

Radiomics data can be used for training ML models to predict clinical or biological outcomes14–16. Radiomics 
has been employed across different cancer to anticipate survival, disease prognosis, tumour response, molecular 
abnormalities, as well as identifying metastases or regions of invasive tumour growth17–28.

Nonetheless, the use of radiomics feature analysis to predict non-tumour radiotherapy (RT) response hasn’t 
been extensively explored. A few investigations have examined the projection of RT-related complications, includ-
ing xerostomia, pneumonitis or proctitis29–31. In the context of bone metastasis, unfortunately, there remains a 
dearth of studies, with only a few focusing on the prediction of non-tumour RT responses32–35. However, there 
are general limitations for ML-related studies in this domain, where dataset sizes are significantly smaller than 
expected for the more common ML algorithms. Without the proper statistical strengthening of the resampling 
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technique, this problem can potentially lead to wider error margins and, on occasions, overoptimistic results. 
Nevertheless, these studies underscore the importance of further research in this domain.

Painful spinal bone metastases (PSBMs) are regularly treated by palliative RT. About two thirds of the patients 
experience a partial or complete response in terms of pain reduction34. The role of biomarkers and personalised 
RT in PSBM cases has become increasingly prominent36–38. Clinical parameters, such as age, Karnofsky perfor-
mance score (KPS), use of opioids or cancer histology (e.g. breast or prostate cancer), show limited predictive 
capabilities to identify patients that profit from palliative RT33. The Spinal instability neoplastic score (SINS) 
has been developed by the Spine Oncology Study Group to assess instability of spinal bone metastases39. At the 
same time, the SINS provides a semantic tool to predict pain response to RT34.

In this retrospective study we sought to determine the potential of ML-based prediction of RT therapy 
response of PSBM. Besides clinical features, we investigated whether CT-based radiomics features and semantic 
features can be used to predict pain response, as well. The best strategy for the definition of volumes of interest 
(VOI) in regard to macroscopic or microscopic metastatic expansion was assessed for radiomics feature extrac-
tion. In order to statistically strengthen and produce more robust results, SVM, RFC and logistic regression (LR) 
models were trained, evaluated and compared using repeated nested cross-validation, stratifying the splits for 
multiple patient samples.

Materials and methods
Clinical data curation
Patient records of all (n = 491) patients treated with palliative RT for bone metastases between 2009 and 2017 
at our institution were analysed. Patients with non-spinal metastases, previous interventions (e.g., surgical sta-
bilization or kyphoplasty) or RT, haematological bone manifestations, and missing information regarding pain 
response were excluded (Figure S1 for a patient workflow).

Patient demographics were assessed for each patient (Table 1 for characteristics of patients, RT and meta-
static disease). Clinical parameters previously shown to be associated with pain response such as KPS, age, use 
of opioids, and histology (breast cancer, non-small cell lung cancer (NSCLC) and others) were determined and 
used as input for the clinical ML models (Table S1 for the exact distribution of histologies)33,34,40,41. These clini-
cal features were measured prior to RT. Histology, as the only categorical value present in the clinical data, was 
encoded into three dummy binary features.

Pain response was rated retrospectively on the basis of patient records following the “international consen-
sus on palliative radiotherapy endpoints for future clinical trials in bone metastases” at the first follow-up visit 
6 weeks after RT42: complete response: “pain score of 0 at treated site with no concomitant increase in analgesic 
intake”, partial response: “Pain reduction of at least 2 at the treated site (scale of 0 to 10) without analgesic 

Table 1.   List of semantic features.

Feature Possible values

Imaging—Bone reaction

Blastic reaction

Mixed reaction (lytic/blastic)

Lytic reaction

Soft tissue component
Yes

No

GTV classification

Any portion of vertebral body

Lateralized within body

Diffuse within body

Body + unilateral pedicle

Body + bilateral pedicle/transverse processBody

Unilateral pedicle

Unilateral lamina

Spinous process

Posterolateral involvement of the spinal elements

Bilateral

Unilateral

None of the above

Vertebral body collapse

 > 50% collapse

 < 50% collapse

No collapse with > 50% body involved

None of the above

Location

Junctional

Mobile

Semirigid

Rigid
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increase, or analgesic reduction of at least 25% without pain increase”, pain progression: “increase in pain score 
of at least 2 or increase of analgesics of at least 25%”, and indeterminate response or “no response”: “no response 
or any response not captured by the other categories”. In both complete and partial responses, patient-rated 
worst pain measures were used.

Planning CT images acquisition parameter and orientation were performed via axial reconstruction of cross-
sectional images using a Siemens Somatom Emotion 16 with 3 mm slice thickness and 0.98 mm × 0.98 mm 
resolution (Table S2 shows all CT image acquisition parameters). The SINS was determined by visual assessment 
of planning CTs following the definition of the Spine Oncology Study Group39. Visual assessment was performed 
by JA and supervised by JCP. The SINS was used for ML modelling both as a discrete variable and as a binary 
variable using a threshold of 7. Approval from the institutional review board of the Technical University of 
Munich hospital was received (reference number 466/16 s). All patients were treated after informed consent. 
All experiments were performed in accordance with local legal regulation allowing retrospective data analysis.

Definition of VOIs
For each metastasis, two separate VOI definitions were segmented on the planning CT scans using Eclipse 13.0 
(Varian Medical Systems, Palo Alto, USA) (Table S2 for acquisition parameters). First, the visible blastic and/
or lytic gross tumour volume (GTV) including any adjacent soft-tissue component was manually segmented. 
Secondly, a clinical target volume (CTV) considering potential microscopic spread was segmented following 
the International Spine Radiosurgery Consortium Consensus Guidelines for Target Volume Definition in Spi-
nal Stereotactic Radiosurgery43. The segmentation process of the CTV was performed manually by HA and 
supervised by JCP.

Radiomics feature extraction
Pre-processing and radiomics feature extraction were performed using the pyRadiomics library (version 2.0) 
in Python (version 3.6.4) (Fig. 1 for study workflow)44. For pre-processing, a fixed bin width of 20 was used for 
image discretization. The intensity ranges between all patients were 218–2083 HU (Min–Max). In accordance 
to earlier studies, and the pyRadiomics guidelines for images with similar characteristics, a bin width of 20 
was chosen in order to retain a bin number in the range of 30–13045. 105 radiomics features, including shape, 
first-order, and texture features were computed from the original image. Texture features were calculated in 3D. 
Gray Level Co-occurrence Matrix (GLCM) and Gray Level Run Length Matrix (GLRLM) texture features were 
calculated separately for each direction and then averaged. All extracted features were computed according to 
the “image biomarker standardization initiative” guidelines (Table S3)46.

Semantic features extraction
Semantic features from the SINS score and other imaging descriptors were determined by an MD student (JA) 
and controlled by a radiation oncology resident with 3 years of experience (JCP) (see Table 1 for a complete 
listing). The resident trained the medical student on a per-patient basis for the first 20 patients together. Sub-
sequently random patients were controlled and all patients with more difficult allocation to a semantic group.

Many of the semantic features are part of the SINS score (Location, Bone Reaction, Vertebral Collapse 50%, 
posterolateral involvement) which has been correlated with pain response34. For GTV classification, the extent 
of metastasis is part of the CTV definition recommendations and has not yet been associated with response. 
Soft Tissue Component was once tested in one study without showing an association with tumour response47.

Figure 1.   Workflow.
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Machine learning modelling
The number of patients was filtered by removing incomplete entries, taking the intersection of patients with all 
CTV, GTV, semantic, clinical and SINS data, and performing outlier detection. This resulted in a dataset with 
230 pre-processed PSBM with known outcome. For feature reduction, both redundancy reduction and feature 
correlation to the prediction target were taken into consideration with the Maximum Relevance – Minimum 
Redundancy (MRMR) algorithm (mrmr-selection library, version 0.2.2)48. For all feature sets larger than 15 
throughout this study, the best 15 features were selected to be used by the respective ML algorithms, so that the 
number of features for every model amount to up to 10% of the number of samples.

Given the small dataset size and to ensure a correct hyperparameter optimization, nested fivefold cross-
validation was applied to train and validate the ML models. However, multiple samples coming from the same 
patient, present in the same data subsample, may lead to biased and over-optimistic results. To offset this, cross-
validation splits were stratified by patient ID: this way, there is an even distribution of such samples across the 5 
splits in either fold. In order to correct the moderate class imbalance (negative to positive ratio of 3.11:1), Syn-
thetic Minority Oversampling Technique (SMOTE) was used (imbalanced-learn library, version 0.8.0). To avoid 
overfitting by class repetition, random minority class oversampling was complemented with random majority 
class undersampling. The normalisation, feature selection and class imbalance correction steps were performed 
in the inner fold of the nested cross-validation to avoid data leakage and bias. Nested cross-validation was 
repeated for 50 iterations, for a total of 250 aggregated models, to increase the statistical strength of the results.

Hyperparameter optimization was performed via exhaustive grid search in the inner fold of the nested 
cross-validation, using balanced accuracy (BA) as the optimization criteria. SVM and RFC were used for train-
ing on the multivariable datasets i.e., both radiomic segmentations, the semantic and the clinical feature sets; 
and Logistic Regression (LR) was used for the analysis of SINS. For SVM, the hyperparameters optimized were 
C, gamma (when applicable), the degree (when applicable) and the kernel used. For RFC, the hyperparameters 
optimized were max_features, max_depth, min_samples_split, min_samples_leaf, bootstrap, and criterion. The 
only hyperparameter optimized for LR was C. A summary of the optimized hyperparameters of the best radiom-
ics, combined and overall modelling strategies can be found in Table S12. All models come from the scikit-learn 
library49 (version 0.24.2). Firstly, these models were trained on both segmentation modes: CTV and GTV to 
assess their predictive quality against a binary prediction target (Table 3): complete pain response (complete 
response vs partial response/indeterminate response/no response/pain progression). Results were compared to 
determine the best modelling strategy. The best model was then compared to clinical, SINS, and semantic mod-
els (Table 4). Finally, multiple combined models were devised to assess whether combined models performed 
better (Tables 5 and S6).

The importance given by models to their features was recorded in order to analyse the feature importance for 
all models developed. Since it is not possible to track the weight of features for non-linear kernels in SVM, only 
the percentage of feature selection was shown. For RFC models, this importance is shown as the Gini Importance 
or mean decrease in impurity of the nodes (the higher, the more important).

Statistical analysis
Given the small dataset size and, therefore, unclear class distribution, Min–max normalisation was performed 
to scale all features (scikit-learn library, version 0.24.2), while retaining the same distribution. Outlier detection 
is performed before the nested cross-validation (where normalization, feature selection and class balancing are 
conducted) to avoid extreme values from affecting the distribution of the data (scikit-learn library, version 0.24.2). 
All error margins are reported as standard errors with a coefficient of 1.96 for a confidence interval covering 95% 
of the observations. All models were evaluated, principally, using the Area Under the Receiver-Operator Curve 
(AUROC). In addition, BA, F1 score and Matthews Correlation Coefficient (MCC) were secondarily examined. 
The most important AUROC comparisons have been quantitatively evaluated with the Mann–Whitney U test 
to determine whether they follow the same distribution (null hypothesis), using a p-value of 0.05 for a 95% con-
fidence interval. Given the dataset size limitation, the models trained on either radiomics segmentation did not 
use the intersection of all available patients but all available. This has prevented the possibility of using a DeLong 
test for quantitative AUROC evaluation. Statistical analysis and radiomics model building were performed using 
Python (version 3.7) and conducted by OL-S.

Results
Pain response to RT
A retrospective cohort of 90 patients with a total of 267 PSBM fitted the inclusion and exclusion criteria in our 
institution (Figure S1 for a patient workflow). Mammary carcinoma, prostate carcinoma and NSCLC were the 
three most frequent (63%) cancer types (Table 2 for patient characteristics and Table S1 for a distribution of all 
cancer histologies). There was a median of two PSBMs per patient with a total of 41 solitary PSBMs. Partial and 
complete pain response retrospectively assessed from patient files was achieved in 33% and 52% of patients, 
respectively.

Determination of the best VOI for radiomics analysis and modelling strategy
The best performing model was a RFC trained on the CTV radiomics segmentation, with the highest overall 
scores (AUROC: 0.62 ± 0.01) (Table 3 for outcome metrics and Fig. 2 for ROC and calibration curves). While 
the data was imbalanced towards the negative class (no complete pain response), it has performed better when 
predicting the true positive class (complete pain response), as it can be seen in the confusion matrix provided 
(Figure S3). This is further confirmed by a higher specificity (0.72) than sensitivity (0.44). While the RFC reached 
the highest performance, the SVM results were more stable. The best segmentation mode was CTV, with higher 
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performance regardless of the modelling strategy. Lastly, the Mann–Whitney U test comparing the AUROC 
distributions of the best performing models from Table 3 had a p value of 4.70-e13, therefore confirming that 
the AUROC results are statistically different.

Comparison to clinical baseline, semantic and SINS models
The best segmentation mode among the radiomics models (CTV) was then compared to the clinical, the semantic 
and the SINS models (Table 4 and Fig. 2).

Table 2.   Characteristics of patients, radiotherapy and metastatic disease with complete information. m: 
median, p: patients, r: range, SINS: Spinal Instability Neoplastic Score. a Wilcoxon rank sum test for continuous 
and ordinal variables, Fisher’s exact test for nominal variables, log rank test for comparison of survival times. 
The significance level for these tests has been Bonferroni corrected for family-wise error rate, resulting in 
an adjusted significance level of 3.33e-3 for an original alpha of 0.05. b Following the Gross Tumour Volume 
(GTV) classification of the International Spine Radiosurgery Consortium1.

 Patient characteristic Complete response (n = 30 p) Partial or no response (n = 60 p) p valuea

 Gender: Male 14 p (43%) 29 p (48%)
0.82

 Gender: Female 16 p (57%) 31 p (52%)

Age m 66 (r 26–88) m 66 (r 30–87) 0.74

Karnofsky Performance score m 70 (r 60–100) m 80 (r 30–90) 0.34

Opioid medication 16 p (57%) 37 p (62%) 0.50

Tumour type

Mammary/prostate carcinoma: 11 p (37%) Mammary/prostate carcinoma: 31 p (52%)

0.30NSCLC: 7 p (23%) NSCLC: 8 p (13%)

Others: 12 p (40%) Others: 21 p (35%)

Partial response – 47 p (78%) –

Overall survival
m 5.5 months m 7.5 months

0.90
(r 0.7–55.8 months) (r 0.1–68.1 months)

Radiotherapy

Single dose m 3 (r 2–8) m 3 (r 2–8) 0.54

Total dose m 33 (r 8–44) m 30 (r 8–45) 0.10

Number of fractions m 10 (r 1–22) m 10 (r 1–19) 0.45

Bone metastases

Number of metastases 65 196

Number of metastases per patient m 1.5 (r 1–6) m 2.5 (r 1–10) 0.055

Previous RT 0 p (0%) 0 p (0%) –

Localization

Sacrum: 8 p (12%) Sacrum: 17 p (9%)

0.26
Lumbar: 34 p (52%) Lumbar: 83 p (42%)

Thoracic: 21 p (32%) Thoracic: 83 p (42%)

Cervical: 2 p (3%) Cervical: 13 p (7%)

Bone reaction

Blastic: 15 p (23%) Blastic: 56 p (29%)

0.03Lytic: 31p (48%) Lytic: 28 p (14%)

Mixed: 19 p (29%) Mixed: 112 p (57%)

Soft tissue component 25 p (38%) 48 p (25%) 0.08

Extent of metastasisb

vertebral body: 17 p (26%) vertebral body: 54 p (28%)

0.03

body/pedicle: 4 p (6%) body/pedicle: 9 p (5%)

`body/pedicle/transverse process: 2 p (3%) body/pedicle/transverse process: 8 p (4%)

Unilateral pedicle: 23 p (35%) Unilateral pedicle: 35 p (18%)

Unilateral lamina: 18 p (28%) Unilateral lamina: 88 p (45%)

Spinous process: 1 p (2%) Spinous process: 3 p (2%)

SINS m 7 (3–14) m 8 (0–15) 0.02

Table 3.   AUROC, BA, F1 Score and MCC for the best modelling algorithms trained on both radiomics 
segmentation modes (GTV and CTV).

Segmentation Model AUROC BA F1 MCC

GTV SVM 0.58 ± 0.01 0.54 ± 0.02 0.33 ± 0.03 0.08 ± 0.04

CTV RFC 0.62 ± 0.01 0.58 ± 0.02 0.37 ± 0.03 0.15 ± 0.04
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The semantic features, on the other hand, achieved almost identical results to the best radiomics segmenta-
tion: none performed statistically better. Lastly, a LR trained only on the SINS variable achieved very different 
results: SINS (binarized) performed very close to random, with a poor classification quality (MCC: 0.04 ± 0.06); 
on the other hand, the non-binarized SINS model performed similar to the CTV-based radiomics segmentation 
model but higher AUROC (0.65 ± 0.01).

The clinical ML model outperformed all other models regardless of the modelling algorithm with statisti-
cal significance (Table S5 and Figure S2). The best clinical model (SVM) predicted pain response with a BA of 

Figure 2.   Receiver operator characteristic (ROC) and Calibration curves for the comparisons of different 
segmentation modes (A, B), clinical baseline, semantic and SINS features (C, D), and combined models (E, F).
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0.72 ± 0.03 and an AUROC of 0.80 ± 0.01. Similar to the best performing radiomics model, while the data was 
moderately imbalanced towards the negative class (no complete pain response), the best performing model 
overall has shown a better prediction quality when evaluating the true positive class (complete pain response), 
as it can be seen in the according confusion matrix provided (Figure S4). This is further confirmed by a higher 
specificity (0.82) than sensitivity (0.63). The AUROC distribution of the SVM model trained on clinical data has 
been compared, with a Mann–Whitney U test, to that of the other models shown in Table 4 (except to the LR 
model trained on SINS (binary)). The p-values were 4.21e-57, 3.02e-59 and 2.15e-49 respectively, confirming 
that the AUROC values of the clinical model are statistically and significantly better.

Given the limited features that the SINS and clinical datasets comprised, their respective prediction models 
showed a wider standard error on scores where greater variance was expected (F1 and MCC).

Benefits by combining imaging and clinical features
The SVM was evaluated on the possible performance increase by combining the best radiomics model (CTV), 
clinical, SINS, and semantic features (Table 4, Fig. 2 and Figure S2).

The best performance with combined models was achieved with a SVM trained on CTV and clinical data 
(AUROC: 0.75 ± 0.01). The addition of non-binarized SINS did not significantly affect the performance of any 
combined model. An SVM model trained on all data (CTV, non-binarized SINS, clinical and semantic features) 
outperformed one using only radiomics data; however, it was significantly worse than the best combined model. 
The Mann–Whitney U test comparing the AUROC distribution of the best semantic model (RFC), and a com-
bined model of semantic and clinical data (SVM), resulted in a p-value of 1.12e-05, therefore confirming that 
the combined clinical models perform significantly better than semantic features alone.

Interestingly, a model trained only on semantic and clinical features achieved the same performance level as 
the combined model with all available features (AUROC: 0.68 ± 0.01 and 0.67 ± 0.01, respectively). None of the 
combined features outperformed the SVM using clinical features.

Feature importance
Feature importance was estimated for SVM and RFC trained on CTV, clinical baseline, semantic, and combined 
sets of data (Tables S8 to S11). None of the features from the CTV models were selected in all of the 250 cases. 
On the other hand, the top 15 features for both CTV models (SVM and RFC) were highly homogeneous, shar-
ing the same top three texture features. The most important semantic features were the extent of the GTV along 
with features also used in the SINS score (e.g., lytic bone lesions and bilateral posterolateral involvement of the 
spinal element).

The mean decrease in impurity of the RFC nodes, overall, showed low values, with most being below 0.1. 
However, clinical features achieved a significantly higher feature importance, which is in concordance with the 
higher performance of those models.

The combined SVM model of CTV, Clinical, SINS and Semantic features showed the same low importance 
values, with almost no feature selected in 100% of the cases. The feature that was selected most often, while also 
retaining high importance, was the clinical feature “Tumour Type: Breast Cancer” followed by predominantly 
semantic and clinical features. Although the majority of all features in the combined model were radiomics (105 
of 135), only four of the 12 most predictive features were radiomic, while most of them were semantic.

Table 4.   AUROC, BA, F1 Score and MCC for the best models, comparing the best radiomics model to the 
semantic features, clinical baseline and SINS variable.

Data Model AUROC BA F1 MCC

CTV RFC 0.62 ± 0.01 0.58 ± 0.02 0.37 ± 0.03 0.15 ± 0.04

Semantic RFC 0.63 ± 0.01 0.58 ± 0.02 0.39 ± 0.03 0.16 ± 0.04

Clinical SVM 0.80 ± 0.01 0.72 ± 0.03 0.56 ± 0.05 0.43 ± 0.06

SINS
LR

0.65 ± 0.01 0.58 ± 0.03 0.36 ± 0.05 0.16 ± 0.06

SINS (binary) 0.54 ± 0.01 0.52 ± 0.03 0.19 ± 0.05 0.04 ± 0.06

Table 5.   AUROC, BA, F1 Score and MCC for SVM models trained on the combination of radiomic, clinical, 
SINS and semantic features.

Data Model AUROC BA F1 MCC

CTV + SINS

SVM

0.61 ± 0.01 0.57 ± 0.02 0.36 ± 0.04 0.13 ± 0.04

CTV + Clinical 0.75 ± 0.01 0.69 ± 0.02 0.52 ± 0.03 0.35 ± 0.04

Semantic + SINS 0.62 ± 0.01 0.58 ± 0.02 0.39 ± 0.03 0.15 ± 0.04

Semantic + Clinical 0.68 ± 0.01 0.63 ± 0.02 0.45 ± 0.03 0.24 ± 0.04

CTV + SINS + Clinical + Semantic 0.67 ± 0.01 0.62 ± 0.02 0.44 ± 0.03 0.22 ± 0.04
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Discussion
In this exploratory analysis we analysed the potential of ML models to predict pain response to RT of PSBM. 
CT-based radiomics machine learning models predicted pain response better than random. CTV-based out-
performed GTV-based models; semantic and SINS-based models outperformed random, and clinical models 
performed best, with SVM at the peak. The combination of radiomics features with clinical data significantly 
increased performance compared to the radiomics baseline. This combination, however, did not match models 
using only clinical features. The addition of the SINS feature neither affected the radiomics nor the combined 
model. The feature importance of all radiomics features showed low levels of mean impurity decrease in RFC. 
Texture features have proven to be the most important predictors, achieving both high percentages of feature 
selection and high importance scorings. Only clinical features have shown a high importance level, while they 
were also often consistently selected.

In our modelling approach, we compared two established ML models. Both models achieved competitive 
results. The best ML model, for radiomics data, was the RFC by a small but statistically significant margin 
(Tables 3 and S4). However, the SVMs performed better in some situations, mainly for other metrics such as 
the BA and F1 score. In addition, the SVM models achieved the best results when trained on clinical data, and 
performed better than the RFCs for the combined data models (Table 5 and S6). The SVMs achieved more con-
sistent results when trained on radiomics features: these models had more competent performances than the 
RFCs when trained on features with, in principle, less useful information. Given the low importance of these 
features, these results indicate that the SVM is more resilient to selected features with poor importance. This is 
further confirmed when analysing the combined models: combined SVM models achieved consistently better 
performances than RFCs.

We have compared the predictive performance of multiple sets of data: two radiomics segmentation modes, 
clinical, semantic and SINS features. The only model that did not achieve better than random results was LR 
trained only on SINS (binarized; Table 4). This is to be expected: by binarizing the SINS variable, important 
information, that can be learnt by either model, is lost. Combined models that used clinical data had an expected 
performance increase compared to their respective baselines (Table 5 and S6). However, these combined models 
performed worse than a clinical only model: this indicates that the addition of features that are not important 
to the model can have a negative impact on its performance, by making it difficult for the model to identify pat-
terns in the data. This is further confirmed by the decrease in feature importance of the clinical features when 
comparing them alone and in a combined model (Tables S9 and S11, respectively).

All radiomics features have shown low feature importance, which can be explained by a possible low correla-
tion to the prediction target. This is also consistent with the fact that none were selected in any of the 250 cases. 
In addition, only 10 of all 105 features were selected by MRMR at least 50% of the time. This high variance when 
selecting features is potentially due to their low correlation towards the complete pain response outcome vari-
able. On the other hand, clinical features have shown more than thrice higher feature importance towards the 
outcome variable, and were selected in nearly all cases when used in combined modelling (Tables S9 and S11).

Multiple previous publications have analysed factors related to pain response following RT of bone metas-
tasis. An early retrospective study by Arcangeli et al. demonstrated that pain response depended on patients’ 
performance status and specific histology. NSCLC patients were shown to have a worse response to RT than 
patients with other cancer origins40. This was reproduced by Nyguen et al. demonstrating a favourable response 
for patients with prostate and mammary carcinoma41. Location and pain level before therapy appeared not to 
influence radiation response32,50. These results were validated in a large prospective trial with 956 patients by 
Westhoff et al. Next to the aforementioned clinical factors, the use of opioids and absence of visceral metastases 
were positively predictive for RT response33. However, the multivariate model achieved only limited predictive 
capacity with a C-statistic of 0.56.

Van Velden et al. conducted a further prospective trial comparing the predictive performance of the SINS 
with clinical parameters34. SINS appeared to be significantly associated with complete response after adjustment 
for gender, tumour type and performance status. Adding SINS to the clinical parameters increased the AUROC 
for the prediction of complete response from 0.68 to 0.78. In our study, SINS as training data proved to perform 
better than random (Table 4). However, adding SINS to other datasets did not increase their performance sig-
nificantly (Table 5 and S6). Combining clinical and SINS data, the overall performance was significantly better 
than the radiomics models (SVM and RFC AUROCS: 0.73 ± 0.01 and 0.75 ± 0.01, respectively), albeit inferior 
to the clinical models (Table S7). The performance difference of a combined model of clinical and SINS features 
between Van Velden et al. study and this exploratory analysis can be attributed to a number of reasons. Firstly, 
in this study, pain response was assessed retrospectively, which can potentially explain the different performance 
of the models towards the outcome variable. Secondly, the different proportion of metastases localization, and 
the presence of cervical cases, may affect the SINS, given the higher instability that some locations may entail. 
Thirdly, the current study employed SVMs and RFCs as models trained on clinical and SINS features, which are 
distinct from the multivariate logistic regression used in the previous study. Fourthly, in Van Velden et al. study 
it is not directly explained what resampling technique the authors have used. A difference in the resampling 
technique can potentially impact the prediction performances due to larger training sizes, therefore leading to 
over-optimistic results in some cases. Lastly, the clinical features used in both studies are significantly differ-
ent, leading to different model performances (AUROC values of 0.68 and 0.80 in the previous study and ours, 
respectively). Therefore, the room for improvement for the SINS variable in a combined model with clinical 
features be substantially different.

In our study, we compared two potential modes of segmentation. Although the predictive performance was 
overall similar, the CTV-based segmentations were superior for both ML models. In contrast to the GTV, the 
CTV segmentation included vertebra compartments that are at risk of microscopic infiltration43. This additional 
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information may have improved the predictive power. Texture features were the most important radiomics 
features. Such features may capture texture and intensity heterogeneity that may be associated with cell den-
sity within the bone marrow. Analysis of magnetic resonance imaging data may be more suitable to quantify 
such changes. Recently, one other publication has analysed the potential of radiomics-based prediction of pain 
response35. The authors trained a random forest model on a single centre cohort of 69 patients using leave-
one-out cross-validation. While their clinical model showed an inferior performance with an AUC of 0.70, the 
radiomics model was able to predict pain response with a superior AUC of 0.82. There are several reasons that 
may explain these differences in performance. First, the authors applied only the simplistic double-layer split 
into train and test set (through their leave-one-out cross-validation), instead of the more adequate triple-layer 
split into train, validation and test set. Consequently, the authors optimized their model on the same patients 
used for assessing performance, thereby opening the door to data leakage. Such leakage often leads to substan-
tial over-estimates of performance. In contrast, our nested cross-validation results included repeated testing 
independent of hyperparameter optimization guaranteeing more unbiased results. Second, the authors used a 
different set of VOIs. Instead of a GTV or specific CTV, the authors used the spinal canal, the complete vertebra 
and the vertebra plus a one-centimetre margin as VOIs. So far, it remains unclear what segmentation strategy 
may be optimal. Third, the authors trained their model for “any pain response” instead of “complete response” 
which may also explain a difference in performance by having a broader prediction target. Taken together with 
our results, both studies could demonstrate prediction of pain response better than random albeit with different 
predictive power against the background of a significantly different study design.

Besides quantitative radiomics image analysis, semantic features extraction constitutes an alternative “manual” 
way to extract information from medical images51. For prediction of pain response of PSBM Mitera et al. evalu-
ated semantic imaging features in 33 patients47. The authors did not find any association of semantic imaging 
features to pain response. Semantic features included pathological fractures, kyphosis and anatomic extent of 
tumour. However, the study was limited by the use of a large number of semantic features and a relatively small 
number of patients. For instance, the known predictive factor age did not correlate with response either. Our 
study has shown that, with a larger training set, it is possible to achieve better than random prediction results 
when training either ML algorithm with semantic data, with RFC performing best (AUROC: 0.63 ± 0.01; Table 4). 
It is important to note that the SINS score in itself is a score combining multiple semantic features. We used 
these features complemented with other additional variables. The SINS score, however, performed better than 
the semantic model, demonstrating that the important features are already included in the SINS score.

There are several limitations to our study. First, pain response was assessed retrospectively. Due to non-
standardized or incomplete reporting of pain response determination, it may have been error prone. To allow a 
standardised assessment we followed the recommendation of the International Spine Radiosurgery Consortium 
Consensus Guidelines43. Patients with “indeterminate response” were excluded from analysis. This may have 
conferred a selection bias as missing information may be associated with confounding factors such as low KPS or 
early death. Secondly, in patients with multiple PBMS each metastasis was treated as a separate sample. The out-
come, however, was equal between all metastases of a specific patient. Information on which specific metastases 
contributed to symptomatic pain remained elusive. To prevent data leakage and bias, stratified cross-validation 
was performed, guaranteeing that multiple samples from the same patient were evenly distributed across all splits. 
Thirdly, our study was of monocentric nature with a lack of an external validation set. To compensate for this, 
we applied nested cross-validation and repeated the process 50 times to increase the statistical strength of the 
results. We believe that our exploratory analysis allows the assessment of the general possibility of RT response 
prediction and a comparison to established factors.

Conclusions
To conclude, in this exploratory work we were able to demonstrate a predictive value of established clinical factors 
using machine learning for the prediction of complete pain response to palliative radiotherapy in patients with 
painful spinal bone metastases. CT-based radiomics and semantic machine learning models performed better 
than random but sub-optimally. The SINS score performed slightly better than both, and models trained on a 
combination of the available datasets performed even better. Using exclusively clinical features as input, however, 
outperformed all other models. Upon inspection of the radiomics and clinical features, their importance and 
selection frequency confirmed the higher predictive quality of the latter, with a more than three-fold decrease in 
mean impurity. Thus, CT-based radiomics features did not present supplementary value beyond models trained 
solely on clinical features.

Data and code availability
All data and code used in this research is available upon contact of the correspondence author (Jan C. Peeken, 
jan.peeken@tum.de) and in concordance to the ethics committee.
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CT‑based radiomics for predicting 
breast cancer radiotherapy side 
effects
Óscar Llorián‑Salvador 1,2,3*, Nora Windeler 1, Nicole Martin 2, Lucas Etzel 1,4, 
Miguel A. Andrade‑Navarro 3, Denise Bernhardt 1,4,5, Burkhard Rost 2, Kai J. Borm 1, 
Stephanie E. Combs 1,4,5, Marciana N. Duma 1,6,7 & Jan C. Peeken 1,4,5

Skin inflammation with the potential sequel of moist epitheliolysis and edema constitute the 
most frequent breast radiotherapy (RT) acute side effects. The aim of this study was to compare 
the predictive value of tissue-derived radiomics features to the total breast volume (TBV) for the 
moist cells epitheliolysis as a surrogate for skin inflammation, and edema. Radiomics features were 
extracted from computed tomography (CT) scans of 252 breast cancer patients from two volumes of 
interest: TBV and glandular tissue (GT). Machine learning classifiers were trained on radiomics and 
clinical features, which were evaluated for both side effects. The best radiomics model was a least 
absolute shrinkage and selection operator (LASSO) classifier, using TBV features, predicting moist 
cells epitheliolysis, achieving an area under the receiver operating characteristic (AUROC) of 0.74. This 
was comparable to TBV breast volume (AUROC of 0.75). Combined models of radiomics and clinical 
features did not improve performance. Exclusion of volume-correlated features slightly reduced the 
predictive performance (AUROC 0.71). We could demonstrate the general propensity of planning 
CT-based radiomics models to predict breast RT-dependent side effects. Mammary tissue was more 
predictive than glandular tissue. The radiomics features performance was influenced by their high 
correlation to TBV volume.

Keywords  Radiomics, Machine learning, Breast cancer, Computed tomography, Radiotherapy, Side effects, 
Skin inflammation, Moist cells epitheliolysis, Edema

Breast cancer is the leading form of invasive cancer in women, accounting for the most significant proportion 
of cancer cases worldwide1,2. Approximately 14% of women are affected by breast cancer, making it a prevalent 
health concern3. Radiation therapy (RT) constitutes the standard of care after breast-conserving surgeries for 
most patients4.

Radiomics, a field dedicated to extracting quantitative features from medical imaging such as computer 
tomography (CT) paired with machine learning (ML), shows great potential in cancer research5. Radiomics 
provides a powerful foundation for the integration of ML techniques in cancer research. By extracting quantita-
tive features from medical images, radiomics enables the generation of high-dimensional data, which can then 
be utilized by computational models to create predictive models for clinical or biological endpoints6–8.

In the context of mammary carcinoma, radiomics has been widely applied to predict survival, disease progres-
sion, treatment response, molecular aberrations, and the detection of metastases or areas of infiltrative tumor9–16. 
Nevertheless, the application of radiomics analysis for accurately predicting non-tumor response to RT remains 
limited. Earlier research has explored the possibility of predicting RT-related side effects, including xerostomia 
and pneumonitis, or pain response to palliative RT17–19.
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Several similar studies have investigated the use of ML and various types of imaging data to predict RT side 
effects in breast cancer patients. Research utilizing dosiomics features extracted from CT images managed to 
accurately predict acute skin toxicity20. Another study using electron density and biologically effective dose radi-
omics effectively predicted late radiation-induced subcutaneous fibrosis21. Additionally, a comprehensive review 
of ML models analyzed RT-induced complications across multiple cancer sites, including breast cancer22. Col-
lectively, these studies emphasize the growing interest in using ML and imaging data to mitigate RT side effects.

The objective of this study was to develop a statistically reliable assessment of the predictive capability of 
radiomics features to predict the most prevalent RT side effects of moist epitheliolysis as a surrogate for skin 
inflammation and edema based on the total breast volume (TBV) and glandular tissue (GT).

Materials and methods
Clinical data collection and curation
The dataset consisted of 252 breast cancer patients who underwent radiotherapy between 2012 and 2016 in the 
Rechts der Isar university hospital of the technical university of Munich (TUM). For the patient data acquired 
at TUM, retrospective analysis of patient records and data is generally allowed following Article 27 of the Bavar-
ian Hospital act (Bayerisches Krankenhausgesetz) from the Landeskrankenhausgesetz des Freistaates Bayern. 
Informed consent for treatment was obtained from every patient. Institutional Review Board (IRB) was acquired 
from the review board of TUM (reference number 466/16 s. Clinical variables were defined based on a literature 
review on known clinical predictors from previous publications. Moreover, variables were selected based on broad 
availability of data that hindered the assessment of other predictive factors23,24: smoker status, chemotherapy 
received, radiotherapy boost, the maximum prescribed radiation dose in equivalent dose at 2 Gy (EQD2, ∝ /β 
= 3), TBV, and the two targets of prediction: (i) moist cell epitheliolysis as surrogate for common terminology 
criteria for adverse effects (CTCAE) grade 2 skin inflammation25 (33 positive cases; referred henceforth simply 
as moist epitheliolysis); and (ii) presence of any edema (26 positive cases).

Radiomics data collection and curation
Prior to RT treatment, planning CT images of the breast were conducted. Figure S1 shows que acquisition param-
eters for these CT images. Exclusion criteria encompassed breast implant and mastectomy cases. Two separate 
volume of interest (VOI) definitions were segmented, creating two radiomics cohorts: TBV, containing radiomics 
information from the whole breast tissue; and glandular tissue (GT), which contained radiomics information 
only from this tissue. Patient outcome assessment was performed retrospectively by a medical student after 
thorough teaching by a radiation oncologist (JCP). All methodology has been conducted in accordance to the 
relevant guidelines and regulations.

Segmentation of the volumes of interest was manually performed by NW, using 3D Slicer26. GT was defined 
using the fast growcut function. BSpline interpolation was used to perform isotropic resampling to obtain a voxel 
size of 1 × 1 × 1 mm. Image discretization was carried out with a fixed bin width of 10. Laplacian of Gaussian 
filtering was used for image reconstruction (Sigma values of 1.0, 2.0, 3.0, 4.0 and 5.0).

Radiomics features were extracted and filtered from the CT images and both segmentations using the Python 
library PyRadiomics27 (version 3.0.1; Python version 3.8.10). A total of 104 features were obtained for each of the 
radiomics cohorts, which included first-order, shape, and texture features (the latter is composed of “gray-level 
co-occurrence matrix”, “gray-level size-zone matrix”, “gray-level run-length matrix”, “neighboring gray-tone 
difference matrix”, and “gray-level dependence matrix” features). Figure 1 shows a diagram of the clinical and 
radiomics features and side effects collection process from the patients. Further, Fig. S2 shows the distribution 
of patients across all clinical features and side effects measured.

Feature pre‑processing and hyperparameter optimization
Repeated nested cross-validation was employed to train and validate the models. Normalization of the radiom-
ics features was performed using min-max normalization, in order to conserve the original distribution in the 
[0, 1] range.

For each cohort, the most interesting features were selected and evaluated in two different ways: the first one, 
with a double Spearman rank correlation test, first within each dataset with a cut-off value of 0.9 to remove redun-
dant features; and then towards each side effect prediction target, in order to keep the most relevant features. 
The second option was selecting features using minimum redundancy-maximum relevance (MRMR; version 
1.0.2), which incorporates both tests in a single step28. In both cases, an estimation of the information density 
and, therefore, of the number of features to select, was made using Principal Component Analysis (PCA). For 
the TBV radiomics feature set, an average of 23 and 39 features were selected when using MRMR and a double 
Spearman rank correlation test, respectively. For the GT radiomics feature set, on the other hand, an average of 
26 and 44 features were selected when using each of the feature selection techniques, respectively.

Before finding the optimal hyperparameter values, the class imbalance of the different side effect prediction 
targets was corrected depending on the level of disproportion. Moist epitheliolysis and edema had a ratio of 6.64:1 
and 8.69:1 of negative to positive class sizes, respectively, and were therefore corrected using a combination of 
synthetic minority over-sampling technique (SMOTE; imbalance-learn library version 0.11.0)29 to a ratio of 2:1, 
and random under-sampling of the majority class to a ratio of 1.25:1. The choice of ratios for each step was made 
to find a balance between avoiding excessive oversampling and losing too many samples while undersampling. 
Balanced accuracy (BA) was the metric used as optimization criteria for the values of the hyperparameters, 
capable of handling the small remainder of class imbalances. Hyperparameter optimization was conducted using 
an exhaustive grid search, where all combinations of hyperparameter values are tested in the validation set of the 
innermost fold until the optimal values are found.
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Machine learning modeling
Four ML algorithms were implemented and evaluated: logistic regression (LR), used for its simplicity and effi-
ciency in binary classification tasks with a low feature set dimensionality30,31; least absolute shrinkage and selec-
tion operator (LASSO), a variant with an optimizable regularization term that can potentially better handle 
imbalanced datasets32; support vector machine (SVM), a high flexibility algorithm thanks to the implementa-
tion of multiple kernels and explore non-linear relationships in the data33; and random forest classifier (RF), 
an ensemble learning, decision tree-based method that is more robust to overfitting effects34. All models were 
imported from the python library scikit-learn (version 1.0.2)35. These models were contrasted against clinical 
model baselines.

After comparing the four model types for each of the radiomics cohorts and feature selection types, the best 
models were retrained and optimized adding clinical data in order to assess whether a combined model yields 
a better performance in predicting the presence of any side effect. The workflow followed by the ML pipeline is 
shown in Fig. 2. In addition, larger reference images of the respective VOIs can be seen in Fig. S1.

Feature selection has been analyzed for all relevant models, estimating a score based on the feature impor-
tance assigned by the models and how often each feature was selected. The resulting score is calculated as 
Score = Feature Importance/[(n+ 1)−m] , where n is the number of models, and m is the number of times 
the feature has been chosen.

Finally, the correlation between the breast volume and the prediction probability of the best model has been 
analyzed to study the overall impact of the breast volume in the predictive value of radiomics features. An addi-
tional model was evaluated where radiomics features that highly correlated to the breast volume were excluded 
(Spearman correlation higher than 0.8), using the best performing configuration. The objective was to assess the 
impact of volume-correlated features on the performance of radiomics models.

Statistical analysis
Training and validation of the different models were performed using 50 repetitions of nested cross-validation 
(5 outer folds, 4 inner folds). This resampling technique provides additional statistical robustness, resulting in 
250 final models that were aggregated to the final test results.

In order to gather more information from the radiomics features, PCA was employed as an estimation of 
the information density within this dataset. The variance retention by the components of PCA was used to 
understand the intrinsic dimensionality of our dataset. However, since the components generated by PCA are a 
different combination from the original features and, generally, more packed, these components should not be 
used as a feature selection replacement, but as an estimation. The reason behind it is the inherent added difficulty 
of tracing the feature importance back to the original features.

In the inner fold of the nested cross-validation normalization, feature selection and class imbalance correc-
tion were applied, in order to avoid data leakage from any training split to the validation (inner fold) or test 
splits (outer fold).

One of the two feature selection techniques mentioned in this study is the use of a double Spearman rank 
correlation test. This approach is intended to optimize feature selection by addressing redundancy and relevance 
in two distinct steps. First, redundancy is removed so that features that do not provide additional information are 
eliminated. Second, the Spearman rank correlation test is applied again comparing the dataset and the predictor, 
selecting instead the features that are most relevant to the prediction target.

252 Patients
with breast carcinoma

Clinical
features

Smoking status

Chemotherapy
received

Extra radiation dose
targeted on the base

of the tumor

Maximum
radiation dose

Volume of the
breast

CT imaging
Radiomic features

extraction

First-order Shape Texture

Gray-level co-
occurrence matrix

Gray-level size-
zone matrix

Gray-level run-
length matrix

Neighboring
gray-tone

difference matrix

Gray-level
dependence
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Side effects

Moist cells
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Fig. 1.   Patient and data flowchart. In the left and central branches, the clinical and radiomics features can be 
found, respectively. The right branch shows the three RT side effects used as prediction targets.
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The performance of the aggregated models was measured using a combination of metrics: BA, F1, preci-
sion, recall, specificity, area under the receiver-operator curve (AUROC) and Matthew’s correlation coefficient 
(MCC). Metrics are given with 1.96 standard errors for a confidence interval of 95%. ROC curves were also used 
to evaluate the trade-off between the sensitivity and specificity across different decision thresholds, and to assess 
the discrimination power between classes of each of the models.

Results
We evaluated the possibility of predicting side effects of RT in breast cancer (moist cells epitheliolysis as a surro-
gate for skin inflammation and edema) based on the total breast volume (TBV), glandular tissue (GT) and using 
clinical features. Table 1 summarizes the results that are shown throughout this section. The feature importance 
was calculated for the best performing radiomics and clinical models (Table 2 and Table S8, respectively).

Side effect prediction
The ROC performance of the best trained models to predict both side effects can be seen in Fig. 3. More scores 
regarding the comparison of side effects as the prediction target can be seen in Table S2. In addition, the calibra-
tion curve of the best performing radiomics model is shown in Fig. S5.

While the edema models performed only slightly above random (best AUROC value of 0.55), both radiomics 
feature sets have shown a notable predictive value towards moist cells epitheliolysis using the LASSO classifier: 
an AUROC of 0.74 when using TBV, and an AUROC of 0.65 when training a RF on the GT radiomics feature 
set, whose features were selected using MRMR. Therefore, models trained to predict moist cells epitheliolysis 
perform better than predicting edema regardless of the feature selection technique, ML algorithm, or the train-
ing radiomics feature set used.

The ROC performance of both radiomics cohorts, with the clinical features as baseline, are shown in Fig. 4. 
The clinical model achieved an AUROC of 0.7. More scores regarding the comparison of the predictive power 
of each radiomics feature set and the clinical baseline can be seen in Table S3. Only the best performing ML 

Fig. 2.   Workflow of the pipeline used in the study to analyze both clinical and radiomics data. On the left half 
of the workflow: clinical features were obtained from all patients with CT imaging available, the respective 
VOIs (TBV and GT) were segmented, and the subsequent radiomics features extracted. On the right half of the 
workflow: for each evaluated dataset, a 50-repeat nested cross-validation was performed. Within the inner fold 
normalization, feature selection and an exhaustive grid search for optimal hyperparameters was performed.

Table 1.   Summary of the best AUROC performances for a given feature set used for training and side effect 
predicted.

Side effect TBV GT Clinical

Moist epitheliolysis 0.74 ± 0.01 0.65 ± 0.01 0.70 ± 0.01

Edema 0.53 ± 0.02 0.55 ± 0.01 0.53 ± 0.02



5

Vol.:(0123456789)

Scientific Reports |        (2024) 14:20051  | https://doi.org/10.1038/s41598-024-70723-w

www.nature.com/scientificreports/

algorithms are being shown, according to the evaluation of the four types of models (shown in Table  S4). An 
additional analysis of the best feature selection approach has been made (Table  S5).

Combined modelling
Figure 5 shows the best performing models using combined datasets of either radiomics feature sets and clini-
cal features. More scores regarding the comparison of the combinations of radiomics feature sets with clinical 
features, and their respective predictive performance, can be found in Table   S6. When combining TBV radi-
omics features with clinical ones, LASSO performed best when predicting moist cells epitheliolysis (AUROC of 
0.73) although without any overall improvement. RF performed best when predicting edema (AUROC of 0.53), 
though just above random.

Fig. 3.   Test ROC curves of the best performing models for each of the side effects predicted. Moist cells 
epitheliolysis: LASSO classifier trained on TBV radiomics features, selected by MRMR. Edema: LASSO classifier 
trained on GT radiomics features, selected by Spearman rank correlation.

Fig. 4.   Test ROC curves of the best performing models depending on the training data used for moist 
epitheliolysis. TBV radiomics features: LASSO classifier, with features selected by MRMR, predicting moist 
cells epitheliolysis. GT radiomics features: RF classifier, with features selected by MRMR, predicting moist cells 
epitheliolysis. Clinical baseline: LR classifier, with features selected by Spearman rank correlation, predicting 
moist cells epitheliolysis.
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Feature importance
Table 2 shows the feature importance scores for the best models. To account for both the importance score and 
the frequency by which a feature was chosen, we computed a score that was the product of these values and 
ranked the features accordingly.

From the list of the 15 most predictive features, more than half of them belong to the shape type, confirm-
ing that planar and volumetric information has a significant influence on the performance of oncological ML 
models36–38.

Predictive influence of the total breast volume
The influence of the volume of the whole breast on the prediction quality of the models has been further ana-
lyzed. A logistic regression model has been trained only on TBV breast volume, with an AUROC of 0.75 ± 0.01, 
performing similarly to the best model trained on all TBV radiomics features.

Fig. 5.   Test ROC curves of the best performing model trained on a single feature set and the best performing 
model trained on a combined feature set. Best single feature set model: LASSO classifier trained on TBV 
radiomics features, selected by MRMR, predicting moist cells epitheliolysis. Best combined feature set model: 
LASSO classifier trained on a combination of TBV and clinical features, selected by MRMR, predicting moist 
cells epitheliolysis.

Table 2.   Top 15 feature importance report of the best performing model: a LASSO classifier trained on 
TBV radiomics features, selected by MRMR, and predicting moist cells epitheliolysis as a surrogate for skin 
inflammation. This report shows how often a feature has been chosen out of the 250 iterations (% chosen), the 
feature importance value given by the model (importance; LASSO coefficients), and a score encompassing the 
feature importance value and how often that feature was selected (product of these two values).

Feature type - name % chosen Importance Score

Shape - Maximum D Diameter Column 99.6 4.30 4.29

Shape - Least Axis Length 100 2.39 2.39

Glcm - Imc 96.4 1.59 1.53

Shape - Surface Area 95.2 1.39 1.32

Shape - Flatness 88.8 1.44 1.28

Glszm - Gray Level Non-Uniformity 98.4 1.05 1.03

Glrlm - Run Length Non-Uniformity 99.6 1.00 0.99

Shape - Maximum D Diameter 53.6 1.83 0.98

Glszm - Size Zone Non-Uniformity 66.4 1.47 0.97

Glrlm - Gray Level Non-Uniformity 93.6 1.01 0.94

Shape - Major Axis Length 77.6 1.20 0.93

Shape - Maximum D Diameter Slice 35.6 2.33 0.83

Firstorder - Energy 96.4 0.85 0.82

Gldm - Dependence Variance 84 0.96 0.81

Shape - Maximum D Diameter Row 65.2 1.23 0.80
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Over all 250 runs, there was a median Spearman correlation coefficient of 0.82 between TBV breast volume 
and the best radiomics model. Figure S3 shows the Spearman’s correlation distribution between the TBV breast 
volume and the prediction probabilities of the best performing model. The distribution of the respective p-values 
can be seen in Fig. S4. The p-values of their correlation to the prediction probabilities of the model were signifi-
cant (p < 0.05) in 243 runs.

The predictive influence of the breast volume has been evaluated by retraining the best performing model, 
but excluding all features with a Spearman correlation coefficient higher than 0.8. These results can be seen in 
Table S7. With an AUROC of 0.71, performance has slightly but significantly decreased (from an AUROC of 
0.74), confirming an effect of the breast volume on the performance of these radiomics models.

Discussion
In this study, we analyzed the relevance of CT-based radiomics to predict two common RT side effects: epithe-
liolysis of moist cells as a surrogate for skin inflammation; and edema, using a statistically robust pipeline. The 
best prediction model was a LASSO classifier that was trained on radiomics features from the TBV and selected 
using MRMR, predicting moist cells epitheliolysis. This model achieved a moderate discriminatory power with 
an AUROC of 0.74. Clinical features alone or in combination with radiomics did not significantly improve 
predictive performances.

In contrast, edema was more difficult to predict with a performance level just above random (AUROC score 
of 0.55 for the best model). The best radiomics model for moist cell epitheliolysis was largely correlated to the 
TBV volume which itself showed the same reasonable predictive performance with an AUROC of 0.74.

These results have uncovered the previously known fact that radiomics features are largely correlated with the 
size of the VOI39,40. Eliminating volume-correlated features slightly mitigated the performance of the radiomics 
model (AUROC of 0.71 from 0.74). As consequence, radiomic features do carry relevant information for the 
prediction of radiotherapy side effects. However, these features are less predictive than TBV volume.

The analysis of the importance of other features revealed several logical patterns. First, shape features appeared 
to be the most influential ones, indicating that geometrical features play a dominant role in predicting RT-
dependent side effects. Maximum D Diameter Column being the most influential feature supports this idea, 
implying that larger tumors or more irregular tumors may cause more adverse effects to RT due to how the dose 
distribution is made, and how it affects the neighboring tissue. Further, the presence of multiple gray level types 
of features suggests that the heterogeneity of the tumor tissue is another significant factor, possibly due to how 
different types of tissues may react to RT, and the side effects that appear as a cause of this non-uniformity41,42.

Naturally, the given radiation dose is a decisive factor for development or RT-dependent side effects. The 
dose was part of the clinical prediction model achieving a decent predictive performance albeit inferior to the 
TBV volume. In fact, the radiation doses given were largely similar, yielding low variability and thus predictive 
value. Moreover, this cohort was solely treated with normofractionated RT (conventional RT dose fractionation 
schedule). The START B trial, however, could also demonstrate the predictive performance of breast size on 
physician-assessed normal tissue effects in the breast43.

While LASSO yielded the overall best results, all other ML algorithms have proven to be on a similar level. 
Only SVM has performed slightly but statistically worse, with an AUROC of 0.69 on the best configuration 
(compared to LASSO: AUROC of 0.74). The choice of algorithm is relevant but does not affect the performance 
of the model, as long as the model is optimized and properly trained. The choice of the feature selection tech-
nique had a small impact on the overall performance, managing to reduce the data dimensionality without 
losing much information.

This study is subject to two main limitations. The first one stems from the retrospective nature of our side 
effect data, deriving from past patient records, which presents a challenge to data quality. To this end, we decided 
to predict moist cells epitheliolysis as it constitutes a binarized endpoint describing more aggravated skin inflam-
mation. On the other hand, the detection and extent of edema was completely dependent on the subjective 
physician assessment. The second limitation regards the absence of an external validation cohort for an unbiased 
estimation of the performance of our models. To compensate for this and have a more reliable and unswayed 
model performance assessment, we decided to apply a more robust resampling technique, in this case a 50-repeat 
nested cross-validation.

Conclusions
To conclude, the radiomics models developed in this study have shown a reasonable prediction power towards 
the epitheliolysis of moist cells side effect, while clinical features yielded intermediate albeit competitive results. 
Adding information from the whole breast tissue, instead of just glandular tissue, achieved better results overall. 
The radiomics prediction probabilities were largely correlated to breast volume which remained the most predic-
tive feature, though this correlation only affected to a small extent the prediction power of radiomics features 
in general. These findings, however, should be further validated on larger, more diverse and multi-centered 
datasets. Future studies should investigate the potential variations in RT side effects prediction using radiomics 
information depending on the subtype and stage of breast cancer.

Data availability
All data and code used in this research is available upon contact of the correspondence author (Óscar Llorián-
Salvador, oscar.llorian-salvador@tum.de) and in concordance to the ethics committee.
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Abstract (max. 300 words) 

Background: Ewing sarcoma is a common bone cancer in children and adolescents, typically 

treated with neoadjuvant chemotherapy followed by surgery. Evaluating the response to 

initial neoadjuvant treatment is crucial, as inadequate response may warrant adapted therapy. 

However, definitive histological assessment can only be obtained during surgery, leading to 

delays for non-responders and, therefore, a potential metastatic spread. This study aimed to 

assess the predictive potential of radiomics features from MRI to evaluate the histological 

response to neoadjuvant chemotherapy in Ewing sarcoma patients, and compare it to the 

predictive value of features extracted from radiology readings. 

Methods: Radiomics features were extracted from pre- and post-neoadjuvant chemotherapy 

MRI scans of Ewing sarcoma patients. Several machine learning models were trained to 

predict the histological response based on the radiomics data. The performance of these 

radiomics models was compared to others trained on features extracted from expert radiology 

readings. 

Results: Radiomics features, particularly those related to low gray level values and their 

distribution, performed best when considering their ratio of change in T1 fat-saturated via 

contrast agent imaging modalities from pre- to post-neoadjuvant therapy (logistic regression 

with an area of the receiver-operator curve, AUROC, of 0.62 ± 0.03). They outperformed the 

best model based on the ratio of change of radiology features, based exclusively on the 

maximum diameter of extratumoral soft tissue components (logistic regression with an 

AUROC of 0.58 ± 0.02). Radiomics models trained solely on pre-neoadjuvant therapy data also 
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performed comparatively well and outperformed the clinical baseline with an AUROC of 0.61 

± 0.03. 

Conclusion: Quantitative radiomics analysis of MRI data can provide valuable supplementary 

insights to guide adaptive treatment strategies for Ewing sarcoma patients, potentially 

improving clinical outcomes by identifying non-responders to initial neoadjuvant 

chemotherapy earlier. 

Keywords: radiology; radiomics; machine learning; Ewing sarcoma; MRI; neoadjuvant 

therapy; histological response. 

 

 

1. Introduction (max 400 words) 

Ewing sarcoma is the second most frequent bone sarcoma in children and adolescents 

after osteosarcoma [1]. The most common therapy procedure consists of neoadjuvant 

chemotherapy, surgical resection and adjuvant chemotherapy. To monitor the effect of 

neoadjuvant therapies, magnetic resonance imaging (MRI) is performed before neoadjuvant 

therapy as baseline examination and directly afterwards at the first follow-up. With 

insufficient response at follow-up, an adapted chemotherapy protocol can be administered 

additionally, as well as radiation therapy.  

 

Unfortunately, a definitive histological reference for the response to chemotherapy can 

only be obtained during surgical resection. As a result, non-responders spend valuable time 

during the extended neoadjuvant treatment before receiving resection, even risking metastatic 

spread. Therefore, a prediction of the response to the first neoadjuvant treatment based on 

imaging characteristics would be clinically relevant and can potentially improve the clinical 

outcome.  

 

Recent studies show that MRIs can be used to evaluate the response to neoadjuvant 

chemotherapy [2] and machine learning methods can reliably aid in predicting therapy 

outcomes in patients with sarcomas [3]. 

 

The aim of this study is to assess the predictive power of radiomics features obtained from 

MRIs with several machine learning classifier models, and applied to the therapeutic response 

to neoadjuvant chemotherapy in reference to the histological response of patients with Ewing 

sarcoma. In addition, we evaluated the previously developed models against the expert 

radiological readings from the same MRIs with the best configuration of the machine learning 

approach. Finally, we analyzed the predictive value of the most important radiomics features, 

as well as those extracted from radiological readings. 

2. Materials and methods 

2.1. Dataset collection and preparation 

Patient databases from Ludwig-Maximilians-University (LMU) hospital and Technical 

University of Munich Hospital rechts der Isar (TUM) were retrospectively searched for bone 

tumor patients treated with VIDA scheme neoadjuvant chemotherapy between 2004 and 2020. 



3 
 

Patients treated with neoadjuvant chemoradiotherapy or radiotherapy were excluded, as well 

as patients with histological diagnosis other than Ewing sarcoma and insufficient imaging (see 

Figure 1 for a more detailed patient workflow). In total, n = 96 patients met the clinical criteria.  

 

Figure 1. Patient cohort and dataset creation. Histological samples taken after the first follow-up were 

evaluated according to the Salzer-Kuntschik score for histological response [4]. Patients with a score of 

up to III were considered responders and larger than III as non-responders.  For appropriate imaging, 

MRI before (baseline) and after (follow-up) were mandatory. Due to technical issues during the 

radiomics analysis, two more patients had to be excluded. 

For each MRI modality, the delta of the baseline and follow-up radiomics features were 

calculated to further evaluate the treatment effect on the histological response and its 

evolution.  

2.2. MR Imaging protocol and image segmentation 

Imaging data consisted of pre-therapeutic baseline and follow-up MRI using 1.0, 1.5 and 

3.0 Tesla scanners. We considered three protocols: T1 native (T1w), T1 fat-saturated with the 

administration of a contrast agent (T1fsgd) and T2 native (T2w). More details regarding the 

MRI acquisition parameters can be seen in Table S1. The available Digital Imaging and 

Communications in Medicine (DICOM) files were exported and the volumes of interest (VOI) 

were segmented (3D Slicer, version 4.11) [5]. The definition of the tumor volume was 
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supervised by radiology experts (J. L. and F. & F. G.)  with two and three years of training and 

conducted manually by a doctoral student specifically trained for that task. Segmentation label 

maps were extracted as neuroimaging informatics technology initiative (NIfTI) files. For 20 

cases segmentation was performed twice by J. L. and S. W. for later computation of inter-rater 

variability.  

 

Figure 2. Segmentation of gross tumor volume of an Ewing Sarcoma located in the scapula region at 

baseline (left) and follow-up (right). 

2.3. Feature sets extraction 

Feature extraction and the implementation of the machine learning pipeline in this project 

were based on Python3 (version 3.8.10) [6] and a selection of its open-source Python libraries.  

We extracted a total of 104 features for each sequence at baseline and follow-up respectively  

(SimpleITK, version 2.2.0 [7]; Pyradiomics, version 3.0.1 [8]). Included were first order, shape 

and texture features. A clinical feature set contained sex, age, and presence of metastasis at 

baseline and follow-up.  Besides the response evaluation criteria in solid tumors (RECIST) [9] 

derived from T2w, the mesh volume of the tumor was also considered. All extracted radiomics 

features are listed in Table S2. To account for inter-rater variability, we calculated the Intraclass 

Correlation (3,1) (ICC) (Pingouin, version 0.5.3) [10]. Features with an ICC < 0.8 were excluded, 

reducing the feature space of the radiomics sets to 57.   

 

Pooled features from baseline and follow-up of each sequence were transformed to the 

standard normal distribution using min-max normalization (Scikit-learn library version 1.0.2) 

[11].  Feature normalization was performed before splitting the data for training due to the 

batch harmonization requirements. With the MRI scanner names extracted from the DICOM 

files with Pydicom (version 2.3.0) [12] we performed harmonization of the combined feature 

sets from one sequence at baseline and follow-up using Combat (version 0.2.1) [13] to 

compensate for variances introduced by different brands of MRI scanners. Delta (follow-up - 

baseline) and ratio of change (delta / baseline) time points for the feature sets were also 

calculated to explore the predictive quality of feature evolution. 

 

Principal component analysis (PCA) estimated the count of components for each feature 

as an estimation of the information density of each feature set for the subsequent feature 

selection step. 
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Trained radiologists (J. L., and F. G. and F. G., xx and xx years of experience; F. G. and F. 

G. performed one reading together) determined two sets of 19 features for each MRI scan. 

Continuous radiology features susceptible to segmentation variations were also excluded 

using the ICC 3,1 statistic with a threshold of 0.8. Discrete features, given their high sparsity, 

were tested for inter-rater variability using the Cohen’s Kappa test with a threshold of 0.4. 

Categorical features, prior to this test, were transformed using binary encoding. A list of the 

radiology features is provided in Table S3. The remaining features were used for training a 

radiology model that followed the same configuration as the best performing radiomics 

model.  

2.4. Machine Learning modeling 

The radiomics and clinical features sets were evaluated for their predictive value for the 

positive evolution of histological response using four different ML algorithms: logistic 

regression (LogReg), least absolute shrinkage and selection operator (LASSO), support vector 

machine (SVM) and random forest (RFC). Data was split and resampled using a 3-fold 

repeated nested cross-validation for 50 iterations, resulting in the aggregate of 150 models for 

each set of features and algorithm. The general workflow followed throughout this study is 

shown in Figure 3. In the inner fold, feature selection and imbalance correction were conducted 

to respectively reduce redundancy of the data and offset the imbalance of classes in the 

histological response.  

 

Figure 3. Pipeline followed by the features analyzed in this study. 

 

Two different feature selection techniques were tested to reduce the redundancy of the 

features and focus on the most predictive ones: a two-step Spearman’s rank correlation 

coefficient, to first exclude redundant features and then exclude low relevance features; and 

minimum redundancy-maximum relevance (MRMR). The number of selected features was 

approximated using a principal component analysis (PCA) with 90% and 95% of data variance. 
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To offset the various degrees of class imbalance of the training set (from 1.42:1 to 2.06:1), 

synthetic minority oversampling technique (SMOTE; imbalanced-learn library version 0.8.0) 

[14], random undersampling of the majority class were used. Due to the low size of training 

sets, wherever minority class oversampling could not be applied, class weights were used 

instead. To account for a possible remainder class imbalance, balanced accuracy (BA) was the 

metric used to optimize the hyperparameters of the models. 

2.5. Statistical Analysis 

After feature normalization and batch harmonization, outlier detection was conducted 

before nested cross-validation to prevent extreme values to influence the distribution of the 

data (Scikit-learn library version 1.0.2). 

 

All error margins of the mean observations are reported as 1.96 standard errors for a 95% 

confidence interval. The models were compared primarily with the area under the receiver-

operator characteristic curve (AUROC). Other metrics taken into consideration were BA, F1 

score, recall, specificity and Matthews correlation coefficient (MCC). 

 

Feature importance was reported as a score encompassing the frequency of a feature being 

selected and the weight value that each models computes i.e., coefficient for LogReg, LASSO 

and SVM, reduction of node impurity for RFC: 𝑆𝑐𝑜𝑟𝑒 =  𝐹𝑒𝑎𝑡𝑢𝑟𝑒 𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒 ∗  𝑚, where m 

is the percentage of times that feature has been chosen.   

3. Results 

3.1. Study Subjects 

In this study, 96 patients with Ewing sarcoma were included (age 27.7 ± 12.5; 41 women).  

The properties of the final imaging datasets after curation and cleaning are depicted in Table 

1.  Most Ewing sarcomas, as shown in Table S4, were located in the lower limb (thigh, lower 

leg and foot, n = 46). 

Table 1. Number of available MRI sequences, and the subset with available histological response after 

surgical resection. T1w: T1 weighted MRI sequence; T1fsgd: T1 weighted MRI sequence with fat 

saturation and contrast agent, T2w: T2 weighted MRI sequence. 

Imaging modality Baseline Follow-up 

T1w 81 (55) 74 (49) 

T1fsgd 73 (46) 81 (53) 

T2w 58 (37) 66 (42) 

3.2. Determination of the best radiomics feature set for histological response detection 

The detection of positive histological response was evaluated for all combinations of 

imaging modalities and scanning times, using all modeling strategies. The clinical feature set 

served as a baseline for comparison. Table 2 shows the performance of the models for which 

the AUROC score is statistically significant with respect to the clinical baseline. 

Table 2. Test performance of the radiomics models that were statistically better than the clinical baseline, 

as well as the optimal feature selection technique. 

Ratio of change T1fsgd Baseline T2 Follow-up T1fsgd Clinical 
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Radiomics 

Score LogReg | Spearman RFC | MRMR RFC | MRMR RFC 

AUROC 0.62 ± 0.03 0.61 ± 0.03 0.58 ± 0.02 0.53 ± 0.02 

BA 0.57 0.60 0.57 0.53 

F1 0.48 0.49 0.43 0.39 

MCC 0.15 0.22 0.14 0.06 

Recall 0.47 0.48 0.42 0.40 

Specificity 0.66 0.72 0.71 0.65 

* Data is given as mean ± 1.96 standard errors for a 95% confidence interval. 

Three radiomics models performed better than the clinical baseline, which reached an 

AUROC of 0.53 ± 0.02. The ratio of change of the T1fsgd imaging modality performed best 

with an AUROC of 0.62 ± 0.03 when trained with LogReg, and using a two-step Spearman’s 

correlation coefficient to filter the number of radiomics features. Besides this model, RFC 

reached the highest performance for the best baseline, follow-up and clinical baseline models, 

with respective AUROCs of 0.61 ± 0.03, 0.58 ± 0.02 and 0.53 ± 0.02. The same conclusion can be 

drawn for the best feature selection technique, where the 2-step Spearman’s correlation 

coefficient performed best overall with the ratio delta T1fsgd radiomics set, but MRMR 

performed better for the baseline and follow-up models. Interestingly, there is one model per 

scanning time configuration (baseline, follow-up, and a delta / ratio estimation) that is 

statistically better than the clinical baseline. 

 

None of the models working with T1w image features could outperform the clinical-based 

models. The same is valid for all the models working on T1 fsgd at baseline and T2w at follow-

up. An AUROC overview from best models per MRI sequence and time point can be found in 

Figure S1.  

3.3. Comparison with Radiologists 

The majority of discrete features from the radiology readings, including the encoded 

categorical features, exhibited minimal change between the baseline and follow-up time 

points. As a result, these radiology features were largely uninformative for the delta and ratio 

of change time points. Additionally, all discrete features showed high redundancy, and were 

therefore filtered out during feature selection for all time points. Two of the continuous 

features were also consistently filtered out during feature selection, leaving only the 

extratumoral soft tissue component’s maximum diameter as the most informative predictor. 

The configuration for the best radiomics model was used to train models with the radiology 

readings features for each of the time points shown in Table 3. 

Table 3. Test performance of the features extracted from radiology readings for the ratio of change, 

baseline and follow-up time points. In all cases a LogReg was used with a two-step Spearman’s 

correlation coefficient as the feature selection technique. 

Score Ratio of change Baseline Follow-up 

AUROC 0.58 ± 0.02 0.53 ± 0.02 0.49 ± 0.02 

BA 0.53 0.52 0.51 

F1 0.02 0.31 0.35 

MCC 0.09 0.07 0.01 

Recall 0.15 0.03 0.42 
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Specificity 0.09 0.75 0.59 

* Data is given as mean ± 1.96 standard errors for a 95% confidence interval. 

The best performing time point for features from radiology readings was the ratio of 

change, yielding an AUROC of 0.58 ± 0.02 at a BA of 0.53. Clinically important metrics 

performed insufficiently with an F1 score of 0.02, sensitivity of 0.15 and specificity of 0.09. The 

predictive performance of baseline and follow-up time points for the radiology features scored 

near-random at 0.53 ± 0.02 and 0.49 ± 0.02 AUROC, respectively.  

3.4. Feature importance 

To gain more insight into the radiomics features contributing to the highest predictive 

performance, we conducted a feature importance analysis. Table 4 highlights a list of the 10 

most predictive radiomics features for the best performing model, as well as their selection 

frequency, average importance, and a score product of the average feature importance and the 

selection frequency. 

Table 4. Feature importance report of the top 10 radiomics features from the best performing model: a 

LogReg trained on the ratio of change T1fsgd features, selected with a two-step Spearman’s correlation 

coefficient. 

Feature Type - Name % Chosen Importance Score 

Gldm - Small Dependence Low Gray Level 

Emphasis 80.7 0.11 0.09 

Glrlm - Long Run Low Gray Level Emphasis 17.3 0.23 0.04 

Glszm - Size Zone Non Uniformity 25.3 0.16 0.04 

Glszm - Gray Level Non Uniformity Normalized 28.7 0.05 0.01 

Glcm - Joint Entropy 16.7 0.08 0.01 

Firstorder - Uniformity 8.7 0.12 0.01 

Glcm - Difference Entropy 5.3 0.18 0.01 

Shape - Minor Axis Length 14.7 0.06 0.01 

Gldm - Gray Level Non Uniformity 10.0 0.07 0.01 

Shape - Maximum D Diameter Row 9.3 0.06 0.01 

 

Considering the 10 most important features for the best performing model, 7 of them were 

based on gray level values and their distribution. The most predictive feature was Small 

Dependence Low Gray Level Emphasis with an occurrence in 80.7% of the cases and an average 

importance of 0.11, for a final score of 0.09: more than double than the score of the second and 

third most influential predictors, and 6 times higher than the remainder of top radiomics 

features. This suggests that a high proportion of small, low gray-level pixel dependencies play 

a relevant role in the classification criteria of the model.  

 

A patient-wise comparison of the 6 most predictive features between baseline and follow-

up time points is illustrated in Figure 3. The radiomics feature evolution was further tested 

with a Wilcoxon signed-rank test [15] to test the null hypothesis that there is no evolution 

between the baseline and follow-up distributions. 
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Figure 4. Evolution from baseline to follow-up of all patients for the 6 most predictive features in the 

best performing model: a LogReg trained on ratio of change T1fsgd features selected by a two-step 

Spearman’s correlation coefficient. Each radiomics feature is accompanied by the p-value of the 

Wilcoxon signed-rank test. 
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In all cases the p-values were lower than 0.05, confirming with a 95% confidence interval 

that there is an evolution between the baseline and follow-up distributions, showing a 

noticeable response to treatment in the histological response. 

4. Discussion 

In this study, we analyzed the capabilities of MRI radiomics features compared to 

extracted features from radiology readings to predict the outcome of neoadjuvant 

chemotherapy on Ewing Sarcoma. The best performing model was a LogReg based on the 

ratio of change of radiomics features from T1fsgd with an AUROC of 0.62 ± 0.03 at a BA of 

0.57, outperforming the radiology readings at an AUROC of 0.58 ± 0.02.  

 

The superior results of the ratio of change T1fsgd features, when considered within the 

radiomics analysis, appears logical taking into consideration the effects of chemotherapy on 

vital tissue. As with an effective neoadjuvant treatment the vital tumor tissue is reduced, the 

amount of tissue with a significant uptake of contrast agent declines as well.  This decline in 

contrast enhanced tissue is a feature best portrayed in the ratio of change of T1fsgd radiomics 

features. This impact of changes in contrast enhancement on the prediction of the pathological 

response of STS to neoadjuvant treatment was also pointed out by Huang et al. [16].  

 

Considering contrast agent uptake on the gray level value scale, the impact of the change 

is also depicted within the feature importance. The two highest scoring features are both based 

on gray level values, albeit on low gray level values. This might contrast the proposed 

importance of high gray level values within tissue with uptake of contrast agent. However, it 

merely emphasizes the properties of non-tumor-tissue, as with a vanishing tumor the gray 

levels of the surrounding tissues gain in importance, a trend that can be verified in Figure 3.  

  

This hypothesis is further backed by the insight acquired from the radiology readings. 

Here, the remaining feature after pre-processing, redundancy reduction and filtering for 

feature relevance was the extratumoral soft tissue component’s maximum diameter. Other 

features did not show any change between baseline and follow-up to reflect any meaningful 

evolution in the ratio of change, nor did they convey enough information to be kept after 

feature selection. Therefore, both methods appear to register the change in soft tissue amount 

most likely caused by a successful chemotherapy regime. However, features from radiology 

readings were less predictive compared to the ratio of change information of the radiomics 

features extracted from T1fsgd MR images.  

 

As shown in Tables 2 and 3, baseline radiomics features from the T2w MRI modality also 

outperform the radiology readings at an AUROC of 0.61 ± 0.03.  Similar to what other studies 

have shown for STS in general, this analysis of the largest Ewing sarcoma dataset so far 

emphasizes the trend of radiomics as a diagnostic staging feature able to aid radiologists and 

oncologists in therapeutic decisions [17].  

5. Conclusion 

In this study, we posed the question of whether radiomics can outperform radiologists in 

predicting Ewing sarcoma response to neoadjuvant chemotherapy from longitudinal MRI 

data. The MRI ratio of change radiomics based prediction of the response to neoadjuvant 

chemotherapy of Ewing sarcoma outperforms radiology readings. Moreover, radiomics 
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baseline information performs comparably well, posing an early supplementary tool for the 

prognosis of Ewing sarcoma patients. Finally, the analysis of radiology and MRI radiomics 

features suggest that both can monitor the response to neoadjuvant chemotherapy through the 

change in soft tissue amount, either directly or via measuring the contrast agent uptake effect 

on the gray level value scale.  
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features extracted from radiology readings for the ratio of change, baseline and follow-up time points. In all cases 

a LogReg was used with a two-step Spearman’s correlation coefficient as the feature selection technique.; Table 4. 

Feature importance report of the top 10 radiomics features from the best performing model: a LogReg trained on 

the ratio of change T1fsgd features, selected with a two-step Spearman’s correlation coefficient.; Table S1. 

Acquisition parameters extracted from the DICOM metadata files.; Table S2. Radiomics features extracted from the 

MRI scans. All extracted features were computed according to the “image biomarker standardization initiative” 

(IBSI) guidelines [1]. The pyRadiomics package (version 2.0) implemented in python (version 3.6.4) was used for 

feature extraction [2].; Table S3. Radiology features extracted at baseline and follow-up times.; Table S4. 

Distribution of the general body locations where Ewing sarcomas were found.; Figure 1. Clustered barplot of the 

AUROC scores achieved by the best models for each combination of MRI modality (T1w, T1fsgd, T2w) and time 

point (at baseline, follow-up, delta of change and ratio of change). 
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5 General discussion 

This thesis was dedicated to the study of AI models mainly applied to radiomics 

information and their predictive potential. Different models were developed for 

predominant challenges in oncology that had remained to be addressed. Their predictive 

significance provided insights in multiple areas, as well as confirmed established 

knowledge in the forefront of ML and radiomics. 

 

In light of the results presented in this thesis, the subsequent discussion will address 

the working hypotheses in detail. Furthermore, other topics of interest that have 

emerged throughout the course of this research will be addressed. This includes a 

consideration of the many commonalities observed across all conclusions of the studies 

encompassed by this work. 

 

5.1 Evaluation of working hypotheses 

- Radiogenomic AI models can differentiate, with high accuracy, between 

biologically similar tumors such as ALTs and lipomas. 

In the first study presented in the results of this thesis, ML models were developed 

and validated, using MRI-based radiomics features to predict the MDM2 gene 

amplification status: a key biomarker for the differentiation between ALTs and lipomas. 

The best model tasked to perform this classification was a LASSO classifier trained on 

the combination of the radiomics features from all three available MRI sequences, with 

an AUROC of 0.88, and a sensitivity, specificity and accuracy of 0.70, 0.81 and 0.76, 

respectively. Interestingly, while adding demographic features to this model did not 

improve the overall performance of the LASSO model (AUROC of 0.72 at 0.77 accuracy 

and 0.40 sensitivity), it reached a perfect classification of all lipomas as such, with 1.00 

sensitivity. 

 

Another conclusion of this study was that the addition of clinical features to the best 

performing radiomics model did not help differentiating ALTs and lipomas further. 

Even though in previous studies some demographic differences were noted between 

ALT and lipoma cases [112], it is possible that MRI-based radiomics features are 

considerably more important, and therefore demographic features are either discarded 

during the feature selection process, or given a very low weight by the models. Coupled 

with this, it is important to mention that this study only included the age, sex and 

anatomical region of the tumor. Including more diverse demographic features could still 

increase the predictive potential of radiogenomic AI models. Future studies may benefit 

from combining the existing MRI-based radiomics features with clinical features such as 
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additional clinical treatments or further physical conditions, especially those more 

closely related to the location of type of soft tissue tumor. 

 

So far, published studies in this direction had several limitations that needed to be 

overcome in order to have a higher significance of the conclusions [113–115]. The first 

and an important shortcoming is the lack of an external test set (also referred to as 

external validation cohort in the first study presented in this thesis, and in other similar 

studies). While proper data handling and resampling techniques can lower 

overoptimistic results due to data leakage, there is a potential inherent relationship of 

the data when training and testing patients belonging to the same center, which can be 

solved with an external test set. Moreover, previous studies were based on smaller 

patient samples [113–115]. Given that smaller sample sizes, especially of patients, have 

a propensity to lack variability, this could affect the significance of results in two ways. 

First, lower variability can also lead to overoptimistic results, particularly when tied to 

the lack of an external test set. Second, smaller patient sets can lead to results that are not 

reproducible on other sets of patients given their lack of variability. 

 

Therefore, it can be confirmed to a great extent, with the results discussed from the 

first study, that: radiogenomic AI models can differentiate, with high accuracy, between 

biologically similar tumors such as ALTs and lipomas. The models developed 

significantly outperformed radiology residents, with an average accuracy of 0.65, 

sensitivity of 0.68 and specificity of 0.70; despite they did not improve the performance 

of the attending radiologist (approximately 10 years of experience), with an accuracy of 

0.90, sensitivity of 0.96 and sensitivity of 0.87. Therefore, these models have a great 

potential as a supplementary tool in the learning experience of radiology residents. 

 

- AI models can accurately predict the complete response to palliative RT treatment 

in PSBM patients. 

The second study included in this thesis presented the predictability of complete 

pain response from patients of PSBM under palliative RT treatment, using ML tools a 

combination of radiomics, semantics and clinical features. The best models trained with 

each of the feature sets managed an above-random performance: both radiomics 

segmentations, gross tumor volume (GTV) and clinical target volume (CTV), had a 

respective AUROC of 0.58 (SVM trained on GTV radiomics features) and 0.62 (RFC 

trained on CTV radiomics features). Semantic and the spinal instability neoplastic score 

(SINS) models performed similarly, with AUROCs of 0.63 and 0.65 respectively. On the 

other hand, demographic-based models performed best with an AUROC of 0.80 (SVM). 
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Models trained on combinations of different feature sets were also compared. None 

of the models outperformed the clinical-only SVM: the best combined model was an 

SVM trained on CTV radiomics and clinical features, reaching an AUROC of 0.75. A 

possible explanation, backed by the feature importance reports provided, is that clinical 

information was the most predictive type: therefore, the addition of other features would 

only hide the most insightful patterns of the data with less predictive inputs. 

 

Another interesting conclusion from this work was the overall low correlation and 

predictive power of the radiomics features: none of them were consistently selected 

across all radiomics models; and only 10 of them were chosen in at least half of the 

feature selection processes. The nature of PSBMs as distant metastases can explain such 

results, being more heterogeneous than in other types of cancer, therefore hindering the 

ability of radiomics of capturing such patterns for the prediction of complete pain 

response to palliative RT.  In contrast, clinical features have proven to be more predictive 

for distant metastases and more heterogeneous types of cancer. Previous works focused 

on the monitoring of pain response after RT also support this observation, particularly 

for features related to the performance status of the patient, their specific histology, use 

of opioids, and absence of visceral metastases [50,52,53,65,93,116]. 

 

Therefore, it can be confirmed to a great extent, with the results provided by the 

second study, that AI models can accurately predict the complete response to palliative 

RT treatment in PSBM patients. Although radiomics data was not as informative as other 

types of data studied, all of them performed significantly above random, with clinical 

features achieving the maximum efficacy. The addition of more demographic features, 

especially others supported by previous studies and other works in this thesis, suggests 

a potential further enhancement of AI models towards the prediction of complete pain 

response in these circumstances of the disease [50–53]. 

 

- Radiomics features can capture with most precision the patterns related to 

complete pain response to palliative RT in PSBM patients compared to a clinical 

baseline. 

According to the findings mentioned from the second study, while radiomics ML 

models achieved significant efficacies with AUROCs of 0.58 (GTV segmentation) and 

0.62 (CTV segmentation), they did not outperform clinical-based models. In light of these 

results, it cannot be confirmed that radiomics features can capture with most precision 

the patterns related to complete pain response to palliative RT in PSBM patients 

compared to a clinical baseline. The heterogeneous nature of PSBMs can explain the 

predictive difficulty of radiomics features; whereas clinical information is, for the most 

part, more independent or takes into consideration factors such as the type or location 

of the primary cancer. 
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- The spinal instability neoplastic score (SINS) can be used as a gold-standard 

assessment variable for the prediction of complete pain response in PSBM 

patients. 

Previous works already conducted an analysis of the predictive performance of the 

SINS, particularly in comparison with clinical features [51,117]. In the second study 

presented in this thesis, SINS appeared to be significantly informative regarding 

complete pain response after adjustment for gender, tumor type and performance status. 

However, ML models trained exclusively on these clinical features outperformed the 

SINS models. As expected, training a LR with a binarized SINS decreased the efficacy 

from an AUROC of 0.65 to 0.54: by binarizing this score, patterns that can be picked up 

by the model are bound to be lost. 

 

Therefore, it can be confirmed to a limited extent, with the results provided by the 

second study, that the SINS can be used as a gold-standard assessment variable for the 

prediction of complete pain response in PSBM patients. While it is significantly 

predictive on its own, and more insightful than radiomics models, it was outperformed 

by clinical-only models and combined models including clinical features. 

 

- Radiomics models can accurately predict the appearance of side effects from RT 

treatment of breast cancer. 

In the third study presented in this thesis, the appearance of two of the most common 

acute side effects to RT treatment in breast cancer patients was explored by using CT-

based radiomics models. The best performing model found was a LASSO classifier 

trained with radiomics features extracted from the total breast volume segmentation 

(TBV), and predicting the epitheliolysis of moist cells as a surrogate for skin 

inflammation (AUROC of 0.74). In this case, the combination of clinical features, or such 

features on their own, did not manage to improve the performance of the best model. 

On the other hand, the best model trained to predict epitheliolysis of moist cells using 

radiomics features from the glandular tissue segmentation (GT) had a considerably 

lower efficacy (AUROC of 0.65). This drop in performance is expected, considering that 

the TBV segmentation encompasses information from multiple tissues, whereas GT is a 

single tissue segmentation. 

 

The other side effect considered, edema, was considerably harder to predict. The 

highest efficacy was achieved by another LASSO classifier, but trained only on radiomics 

features from the glandular tissue segmentation (GT; AUROC of 0.55). The difference 

with the TBV-based radiomics model was minimal and non-significant: a RF trained on 

TBV radiomics features performed with an AUROC of 0.53. However, given that these 
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models perform only slightly above random, conclusions regarding the edema side 

effects are limited. 

 

Findings regarding the importance of specific features included the high importance 

of shape-based features for the prediction of side effects after RT for treating best cancer, 

an observation that was found previously in literature and in other studies of this thesis 

[118–120]. Furthermore, the presence of high-importance gray-level texture features 

indicates the relevance of the heterogeneity of the tumor tissue. This can be explained by 

individual compositions of the anatomy (for instance, dense or less dense breast tissue) 

that may lead to different reactions to RT. 

 

Taking into consideration the conclusions from the study, it can be confirmed with 

different degrees that radiomics models can accurately predict the appearance of side 

effects from RT treatment of breast cancer. Regarding the epitheliolysis of moist cells as 

a surrogate for skin inflammation, high levels of significance were achieved when 

trained with TBV radiomics features, with slight variations depending on the ML 

algorithm. This finding can be extended, with slightly lower levels of efficacy, to models 

trained with GT radiomics features, clinical features, and volumetric-excluded radiomics 

features. However, models trained to predict edema, albeit significant, performed 

significantly worse, indicating that radiomics and clinical information varies in efficacy 

depending on the type of side effect. 

 

- Total breast volume (TBV) influences significantly the performance of breast 

cancer imaging radiomics models. 

The conclusions from this study support a previously observed finding: in this type 

of cancer, radiomics features are largely influenced by the volume of the breast [98,99]. 

In this case, the Spearman correlation coefficient found between the TBV and the 

prediction probabilities of the best model was 0.82, with only 7 of the 250 runs having a 

non-significant p-value (threshold of 0.05 for a 95% confidence interval). Interestingly, 

even though there is a high correlation between them, another LASSO classifier trained 

without the volumetric-dependent features still had a similar performance (AUROC of 

0.71). 

 

In light of this, it can be confirmed to a limited extent that the TBV correlates highly 

to the performance of breast cancer imaging radiomics models, affecting their 

performance significantly. While a strong correlation was observed between TBV and 

the performance of the models, its impact on the performance was found to be limited 

as seen by radiomics models trained without volumetric-dependent features. 
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- Radiomics models can effectively predict the prognostic outcome of Ewing 

sarcoma patients treated with neoadjuvant chemotherapy. 

The last study presented in this thesis, analyzed the ability of MRI-based radiomics 

features to predict the therapeutic outcome of neoadjuvant chemotherapy for Ewing 

sarcoma patients. Additionally, these radiomics features were captured before treatment 

(at baseline) and 3 months after treatment (after the first cycle of chemotherapy, referred 

as post-ct), being able to estimate an absolute and a relative delta in the radiomics 

features. The modeling strategy that could best capture the therapeutic outcome via 

histological response was a LR trained on the relative delta of radiomics features from 

the T1fsgd MRI sequence (AUROC of 0.62).  

 

It seems logical that T1fsgd is the sequence that best captures this evolution: with an 

effective neoadjuvant chemotherapy treatment, there is a large change in vital tumoral 

tissue volume between baseline and post-ct. As noted in this study, this volume change 

can also be observed in the feature importances from the models trained on absolute or 

relative delta radiomics information, specifically in the features portraying low gray 

level values: an effective neoadjuvant chemotherapy treatment reduces the vital tumoral 

tissue volume (high gray level values). The larger absence of high gray level areas 

emphasizes, by contrast, low gray level features, which may portray larger proportions 

of necrotic tissue visible in post-ct MRI scans. 

 

The prognostic potential of radiomics models trained on the relative delta of T1fsgd 

features is limited by the necessity post-ct data. However, it was possible to achieve 

comparable results using only baseline information: a LR trained only on baseline T2w 

radiomics information reached an AUROC of 0.61. 

 

Finally, it is essential to mention that, as a very rare malignancy, it is considerably 

harder for ML models to adequately recognize patterns due to smaller sample sizes due 

to the scarcity of cases, and the heterogeneity bound to smaller sample sizes. 

Nevertheless, the last study included in this thesis analyses the largest, to date, Ewing 

sarcoma dataset. This underscores the need of supplementary AI tools to help 

radiologists and oncologists with therapeutic decisions, in cases where experience is 

difficult to gain.  

 

In view of these findings, it can be confirmed that radiomics models can predict the 

prognostic outcome of Ewing sarcoma patients treated with neoadjuvant chemotherapy 

to a certain extent. Multiple radiomics ML models managed to achieve significant 
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performances even with only baseline information. Their predictive power, lower than 

other radiomics models trained in this thesis for other oncological challenges, is likely 

limited by the rarity of this type of malignancy and, therefore, lower number of cases. 

 

- Radiomics models outperform radiology readings models when applied to the 

prognosis of Ewing sarcomas treated with neoadjuvant chemotherapy. 

The best performance achieved by ML models trained on features extracted from 

radiology readings was from a LR trained on their relative delta, with an AUROC of 0.58. 

The only radiology feature that was found to be predictive was the maximum diameter 

of the extratumoral soft tissue component. This further supports the possible reason why 

the best radiomics model was the one trained with the relative delta of T1fsgd features, 

where features related to the relevance of low gray value analysis were the most 

informative. Other models trained on information from radiology readings performed 

random or significantly worse. 

 

Therefore, with the results provided by the last study from this thesis, it can be 

confirmed to a limited extent that radiomics models outperform radiology readings 

models when applied to the prognosis of Ewing sarcomas treated with neoadjuvant 

chemotherapy. The best radiology-based ML model was outperformed by several 

radiomics-based models, both including relative delta and only baseline features. 

However, this difference was not statistically significant given the wider 95% confidence 

intervals from having a smaller sample size. 

 

5.2 Synthesis and integration of key findings 

5.2.1  Technical optimization 

The pipelines used for the development and validation of ML models in the different 

studies included in this thesis had flexibility in several of their specific procedures. This 

flexibility allowed for an exploratory analysis in search for the best option in each step. 

Here, the most impactful ones are discussed. 

 

The first step considered is the correction of the batch effect correction. This data 

harmonization step requires data to be normalized. However, normalizing all data 

together introduces some degree of data leakage: when scaling future testing values, 

future training samples are taken into consideration as well. In the first study from this 

thesis, the option of forgoing batch harmonization in order to avoid data leakage was 

studied. The best performing model in that study, a LASSO classifier trained on the 

combined radiomics features from all three MRI sequences, was replicated using the 

same but non-harmonized, non-normalized data. While the original LASSO scored an 



General discussion 

77 
 

AUROC of 0.88, a balanced accuracy (BA) of 0.75 and an MCC of 0.51, the same model 

trained on non-harmonized, non-normalized data scored an AUROC of 0.87, BA of 0.50, 

and an MCC of 0.01, confirming how essential it is to perform batch harmonization: the 

introduction of batch effects usually leads to biased, lower performing models due to 

instrument noise. 

 

The feature selection technique used was an important decision, which varied in each 

of the studies. The main techniques compared were a two-step Spearman rank 

correlation coefficient test and MRMR. Each technique performed better in different 

scenarios, without one performing best in all cases. MRMR was the best technique when 

selecting radiomics features from breast cancer cases for the prediction of common acute 

side effects: the LASSO classifier trained on TBV radiomics features to predict 

epitheliolysis of moist cells used MRMR, and achieved the AUROC of 0.74. A two-step 

Spearman rank correlation coefficient test worked best when predicting the prognosis of 

Ewing sarcoma patients after neoadjuvant chemotherapy, with a LR trained on the 

relative delta of T1fsgd radiomics features reaching the best performance of an AUROC 

of 0.62. However, in both cases the alternative technique achieved respective 

performance of two and three points lower (AUROCs of 0.72 and 0.59), concluding that 

the feature selection technique utilized in each scenario has to be compared for achieving 

optimal performances. 

 

Other feature selection techniques were also tested: variance threshold, random 

forest selection and a single Spearman rank correlation coefficient test for redundancy 

reduction, all yielded consistent and significantly lower performances. A possible 

explanation for the lower performance of these feature selection techniques is that they 

rely mainly only on one feature reduction mechanism (redundancy reduction or 

relevance maximization). By taking into account only one of the two mechanisms, 

harsher filtering thresholds are needed to achieve the same final number of selected 

features. 

 

Lastly, the choice and balancing type of class imbalance correction can have critical 

effects on the performance of the models, especially in small datasets where model 

generalization is majorly hindered by overfitting. The two main class imbalance 

correction measures compared were a combination of SMOTE and random 

undersampling of the majority class and using class weights. In most cases, the former 

has proven to be a better alternative thanks to a higher customization of how class 

imbalance is corrected. The addition of too much synthetic data, in datasets where class 

imbalance is larger, can also lead to potential overfitting. Therefore, finding the best 

proportion of synthetic oversampling and random undersampling was in all cases 

treated as another hyperparameter to optimize. The most extreme case of class imbalance 
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was the second study, where the complete pain response prediction to palliative RT of 

PSBM patients was analyzed. With an initial ratio of 10:1 of non-responders to positive 

response, the optimal ratio found was to correct 60% of the total class imbalance via 

SMOTE, 20% via random undersampling, and accounting for the remainder by using 

BA as the optimization criteria score. 

 

One special example of the use of class imbalance correction was the last study of 

this thesis: even though the available Ewing sarcomas dataset is the largest to this date 

with 96 patients available for analysis, histological assessment could only be obtained 

during surgery, which was only available to a subset of the cases: ranging from 37 to 55 

depending on the MRI sequence and at baseline or post-ct. Although class imbalance 

was not as steep in this study (ranging from 1.42:1 to 2.06:1), the small sample size in 

some datasets made impossible to apply a reasonable SMOTE or random undersampling 

balancing. In such cases, balanced class weights were used. 

 

5.2.2 Dataset fingerprint impact 

The unique characteristics and patterns of a dataset, often referred as fingerprint, 

have been a deciding factor in most stages of the analysis process. The respective sample 

sizes of each of the four studies included in this thesis were 257, 261, 252, and 96. 

However, multiple factors such as missing data, outliers and medical requirements have 

lowered these numbers to different extents. While always a critical factor, having a clean 

and curated dataset becomes even more important when the sample size is so small. In 

these cases, the outcome of each prediction becomes proportionally more important, and 

one misprediction can more significantly impact the final performance of a ML model.  

 

It is this aspect of the dataset fingerprint that made the main impact on deciding the 

n-CV fold numbers. With a lower number of folds, each validation split will have more 

samples, therefore decreasing the impact of each misprediction. Further, given that 

smaller datasets are prone to overfit more due to the generalization difficulty, a smaller 

fold number will also increase each training split at the cost of a larger standard 

deviation. This finding is further backed by the initial testing of leave-one-out cross 

validation (LOOCV) as the resampling technique for the second study. However, as 

observed in the profiles of learning curves, none of the models trained managed to 

generalize sufficiently. 

 

An additional effect of having a smaller sample size in datasets where patient data 

is analyzed is the higher variance of the samples, translated into wider error margins, 

enhanced by having lowered the n-CV fold number as well. These two reasons are the 

main rationale behind the use a more complex resampling technique such as n-CV, and 
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increasing the number of iterations as much as it was computationally possible. The final 

fold numbers, ranging from 3 to 5, worked rather well when paired with 50 iterations: 

averaging 150 to 250 final models in each case have substantially narrowed error margins 

for the 95% confidence interval that is shown by default. Nevertheless, the impact of the 

overall dataset size is present in the final error margins: the respective AUROCs of the 

best performing models from each study, including a 95% confidence interval error 

margin, were 0.88 ± 0.01 (LASSO trained on combined MRI-based radiomics features to 

differentiate ALTs and lipomas), 0.80 ± 0.01 (SVM trained on clinical features to predict 

complete pain response), 0.74 ± 0.01 (LASSO trained on CT-based TBV radiomics 

features to predict epitheliolysis of moist cells), and 0.62 ± 0.03 (LR trained on the relative 

delta of T1fsgd radiomics features to predict prognosis on Ewing sarcomas). Even 

though, there are more factors at play that may affect the final variance of the predictions, 

the dataset sizes and the heterogeneous nature of this type of data have shown to be 

significantly impactful. An estimation of the correlation between the dataset sizes from 

the studies included in this thesis, and their respective error margins, results in a 

Spearman correlation of -0.78. This assessment, which suggests a strong negative 

correlation between the dataset sizes and the error margins, supports the previously 

mentioned variance observations. 

 

Another aspect to consider regarding the dataset fingerprint are the radiomics 

feature types analyzed in the studies. As multiple previous studies suggested, shape-

related radiomics features have been found to be the most predictive [118–120]. The 

feature importance reports from the best performing radiomics models in each of the 

studies can be respectively found in Table S5 (first study), Table S8 (second study), Table 

2 (third study) and Table 4 (fourth study). The most significant features were determined 

as 𝑆𝑐𝑜𝑟𝑒 = 𝐹𝑒𝑎𝑡𝑢𝑟𝑒 𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒 [(𝑛 + 1) − 𝑚]⁄ , where Feature Importance is the specific 

metric used by each  model (such as coefficients or node impurities), n is the number of 

models, and m is the number of times the feature has been chosen. Out of the seven types 

of radiomics features, shape was the most common overall: out of the 10 most significant 

radiomics features from each of the studies, 6, 2, 5 and 2 of them were only shape-based, 

while the rest were a combination of the rest of types. The absolute majority in two of 

the studies, and major presence in the others, supports the findings from previous 

radiomics works regarding the importance of volumetric radiomics features.  

 

However, while shape-based features emerged as the overall most significant type, 

it is important to acknowledge that the relevance of radiomics features mostly depend 

on the specific use case. Although shape features may play a more prominent role, 

particularly in the distinction between tumor types (as seen in the first study), texture 

and intensity features often provide key information that can be equally important. This 

is especially when assessing heterogeneity or predicting treatment outcome from 

histological response (as seen in the fourth study). This also aligns with findings from 
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previous studies, which emphasize that no single category of radiomics features 

universally dominates, and the optimal selected features is often task-dependent 

[75,121]. 

 

We make a final observation regarding the clinical feature importances, and how well 

clinical models performed depending on the type of cancer and available clinical 

information. In the first study, where clinical features included age, sex and body region 

of the tumor, their performance was significantly above random, but far from the 

performance of radiomics models (Table S4). The best clinical model was a RF, with an 

AUROC of 0.63. In the second study, clinical features included age, Karnofsky 

performance scale (KPS), use of opioids, and type of primary tumor that evolved into 

PSBM. This clinical information was the most predictive overall, with an SVM achieving 

an AUROC of 0.80. In the third study, the available clinical features were the smoker 

status, chemotherapy received, RT boost, and maximum radiation dose. Clinical-based 

models managed to predict the epitheliolysis of moist cells with an AUROC of 0.70 and 

edema with an AUROC of 0.53. Finally, in the last study the clinical features contained 

age, sex and presence of metastasis at baseline and post-ct. In this case, clinical-based 

models performed with an AUROC of 0.53 as well. The main finding from analyzing the 

clinical features and the models trained on them is that the best performing clinical 

models (from the second and third study) contained more varied and insightful 

demographic features. In the case of prediction of complete pain response to palliative 

RT therapy on PSBM patients, where data can be more heterogeneous given the source 

of the primary tumor, taking this location into consideration as a clinical feature has 

proven to be not just insightful, but the most important clinical feature as observed in 

Table S9. In the third study, where common acute side effects from RT treatment in breast 

cancer cases are predicted, clinical features were also varied, and have already been 

reported to be associated to RT side effects [122,123]. 

 

5.2.3 Comparative model efficacy 

The choice of ML algorithm is arguably one of the most important decisions in the 

framework. Out of the four models that were considered in all studies (SVM, RF, LASSO 

and LR), none performed best in all circumstances. Table 1 shows the AUROC of the best 

performing models, using the same training data, for each algorithm. 

Table 1. AUROC scores for the best performing models trained on the same data for each algorithm. Each column 

corresponds to the studies included in the results of this thesis. Each training data corresponds to the training data of 

the best performing model overall. In the second study, only SVM and RF models had been considered.  

AUROC Study 1 Study 2 Study 3 Study 4 

SVM 0.84 ± 0.01 0.8 ± 0.01 0.69 ± 0.02 0.59 ± 0.03 

RF 0.87 ± 0.01 0.78 ± 0.01 0.72 ± 0.01 0.50 ± 0.03 

LASSO 0.88 ± 0.01 - 0.74 ± 0.01 0.62 ± 0.03 
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LR 0.86 ± 0.01 - 0.73 ± 0.01 0.62 ± 0.03 

 

Considering their relative best efficacies, LASSO shows the highest average 

performance across the 3 studies where it has been used. However, such conclusion is 

not statistically significant. Moreover, LASSO and LR were initially considered and 

discarded for the study of complete pain response in PSBM patients after palliative RT 

therapy, but given their low performance they were discarded for further modeling and 

final results in order to adhere to the scope of the project. For this reason, SVM also 

stands out as the most reliable model, with consistent efficacy in all studies regardless of 

whether the training data is clinical, radiomic, radiogenomic, semantic or otherwise. 

 

The use of combined models, generally by combining radiomics and clinical features, 

did not increase the predictive power of models. In the first study, the best performing 

model, which encompassed radiomics features from all MRI sequences, did not improve 

the performance of an AUROC of 0.88 with the addition of clinical features (AUROC of 

0.72). Although most scores decreased, it still held some radiological interest by being 

able to perfectly identify all lipomas (specificity of 1.00), while still having a competent 

generalization capability. In the rest of studies, combined models did not outperform the 

best existing models in any case, regardless of the types of combined features.  

 

A final factor to evaluate is the running time for each of the models during the 

hyperparameter optimization and training process. Here, the complexity of the model 

and the number and depth of hyperparameters play a pivotal role. RF was the model 

that required the most time, given its higher relative complexity and customization of 

hyperparameters to accommodate and generalize many different types of datasets. On 

the other hand, LR had the lowest running time, with LASSO being slightly slower, 

possibly due to the incorporation of the extra regularization parameter to optimize. 

Finally, SVM had a relative intermediate running time, though it was highly dependent 

on the complexity of the kernel utilized. 
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6 General conclusion and outlook 

The present work offers insight into the fields of artificial intelligence, oncology and 

radiomics: different radiomics AI models have been developed and evaluated on their 

ability to solve a range of common and recurrent cancer-related challenges.  

1. Radiogenomic models can differentiate between atypical lipomatous tumors and 

lipomas via the detection of the MDM2 gene biomarker, with a performance 

significantly higher than that of radiology residents. The use of all MRI radiomics 

features combined in a single LASSO model achieved this goal with the highest 

efficacy. These models, still with a lower performance than attending radiologists, 

can improve the clinical diagnostic workup and serve as a supplementary tool in the 

learning process of medical residents. Further works in this area could enhance the 

interpretability and understandability of AI tools oriented to physicians for their ease 

of understanding and use.   

 

2. Clinical factors can accurately predict the complete pain response of painful spinal 

bone metastasis patients after radiotherapy (RT). CT-based radiomics and semantics 

models can also predict complete pain response, though to a more limited extent. 

Spinal instability neoplastic score is predictive enough to offer significant insight on 

its own, albeit still outperformed by clinical-based models. Given the clinical efficacy 

in cases of distant metastases or heterogeneous types of cancer, future studies may 

benefit from a more extensive demographic collection of information, especially 

tailored to the type of malignancy.  

 

3. Radiomics models can reliably anticipate the presence of common acute RT-related 

side effects after treatment for breast cancer, especially epitheliolysis of moist cells as 

a surrogate for skin inflammation. The predictability of edema, on the other hand, 

was limited. The radiomics predictions were largely correlated to breast volume; 

however, its impact on the predictive performance was minimal, as it was observed 

in a radiomics model after excluding volumetric-dependent features. Provided the 

comparatively high performance of TBV radiomics and clinical-based models, 

subsequent research work should consider expanding the range of side effects to 

analyze, possibly also including late RT side effects.   

 

4. The absolute and relative delta radiomics features extracted from longitudinal MRI 

scans can, to a considerable degree, predict the histological response after 

neoadjuvant chemotherapy of Ewing sarcoma patients. Baseline-only models 

perform comparatively, adding the value of relying exclusively on early, 

preoperative information. Radiology readings models reached a lower albeit 

significant efficacy. Both types of models can track the response to neoadjuvant 

chemotherapy, respectively, via contrast agent uptake shift on gray level feature 

values and the volume change of soft tissue.  Granted the rarity of this malignancy 

and its generalization difficulty, follow-up investigations should try to acquire a 
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more complete, curated dataset to ensure more reliable pattern recognition. A 

possible alternative would be to monitor the treatment response using a more 

accessible indicator. This approach is particularly relevant for the discarded patients 

that did not undergo surgery, and for whom histological response could not be 

acquired.  
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Supplementary Material Table 1: Magnetic Resonance imaging sequence 

parameters 

 

 

  

Sequence T1  T2 T1-FS-GD 

Field strength (T) 1.5 3.0 1.5 3.0 1.5 3.0 

Repetition time (ms) 537-557 855-1100 4020-6110 4260-5600 500-595 722-1050 
Echo time (ms) 15-16 12 85-104 78-94 13-16 12-13 
Flip angle (°) 90-172 175-180 180 180 90-180 180-136 
In-plane resolution 
(mm) 

0.2-0.5x0.2-
0.5 

0.5-0.8x0.4-
0.7 

0.4-0.6x0.4-
0.6 

0.5-0.7x0.5-
0.7 

0.3-0.6x0.3-
0.6 

0.6-0.7x0.6-
0.7 

Slice thickness (mm) 3-4 3-5 3-5 4-5 3-5 4-5 
Gap (%) 10-25 10-50 20-60 10-40 20-60 10-40 
Bandwidth (Hz/pixel) 85-128 160-172 109-119 200-203 85-130 150-160 
Echo train length (n)  118 162-262 14-58 15-37  118 116-288 

GD: gadolinium-enhanced; FS: fat-saturated  
Field of view was limited to the area of interest according to the respective tumor volume to maximize anatomical detail  
Sequence parameters were adjusted in accordance with the optimal protocol of the anatomical tumor region 
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Supplementary Material Table 2: Extracted radiomics features (n=104) 

 

All extracted features were computed according the “image biomarker standardization 

initiative” (IBSI) guidelines [1]. 

 

 Shape Features 

1 Mesh Volume 

2 Voxel Volume 

3 Surface Area 

4 Surface Volume Ratio 

5 Sphericity 

6 Maximum 3D Diameter 

7 Maximum 2D Diameter Slice 

8 Maximum 2D Diameter Column 

9 Maximum 2D Diameter Row 

10 Major Axis 

11 Minor Axis 

12 Least Axis 

13 Elongation 

14 Flatness 

 First Order Features 

1 Energy 

2 Intensity Histogram Entropy 

3 Minimum 

4 10th Percentile 

5 90th Percentile 

6 Maximum 

7 Mean 

8 Median 

9 Interquartile Range 

10 Range 

11 Mean Absolute Deviation (MAD) 

12 Root Mean Squared (RMS) 

13 Skewness 

14 Excess Kurtosis 

15 Variance 

16 Intensity Histogram Uniformity 

 Gray Level Co-occurrence Matrix (GLCM) Features 

1 Autocorrelation 

2 Joint Average 

3 Cluster Prominence 

4 Cluster Shade 

5 Cluster Tendency 

6 Contrast 

7 Correlation 

8 Difference Average 

9 Difference Entropy 

10 Difference Variance 
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11 Joint Energy (IBSI: Angular Second Moment) 

12 Joint Entropy 

13 Informal Measure of Correlation (IMC) 1 

14 Informal Measure of Correlation (IMC) 2 

15 Inverse Difference Moment (IDM) 

16 Inverse Difference Moment Normalized (IDMN) 

17 Inverse Difference (ID) 

18 Inverse Difference Normalized (IDN) 

19 Inverse Variance 

20 Maximum Probability (IBSI: Joint maximum) 

21 Sum Entropy 

22 Sum of Squares (IBSI: Sum of Squares) 

23 Maximal Correlation Coefficient (MCC) 

 Gray Level Size Zone Matrix (GLSZM) Features 

1 Small Area Emphasis (SAE) 

2 Large Area Emphasis (LAE) 

3 Gray Level Non-Uniformity (GLN) 

4 Gray Level Non-Uniformity Normalized (GLNN) 

5 Size-Zone Non-Uniformity (SZN) 

6 Size-Zone Non-Uniformity Normalized (SZNN) 

7 Zone Percentage (ZP) 

8 Gray Level Variance (GLV) 

9 Zone Variance (ZV) 

10 Zone Entropy (ZE) 

11 Low Gray Level Zone Emphasis (LGLZE) 

12 High Gray Level Zone Emphasis (HGLZE) 

13 Small Area Low Gray Level Emphasis (SALGLE) 

14 Small Area High Gray Level Emphasis (SAHGLE) 

15 Large Area Low Gray Level Emphasis (LALGLE) 

16 Large Area High Gray Level Emphasis (LAHGLE) 

 Gray Level Run Length Matrix (GLRLM) Features 

1 Short Run Emphasis (SRE) 

2 Long Run Emphasis (LRE) 

3 Gray Level Non-Uniformity (GLN) 

4 Gray Level Non-Uniformity Normalized (GLNN) 

5 Run Length Non-Uniformity (RLN) 

6 Run Length Non-Uniformity Normalized (RLNN) 

7 Run Percentage (RP) 

8 Gray Level Variance (GLV) 

9 Run Variance (RV) 

10 Run Entropy (RE) 

11 Low Gray Level Run Emphasis (LGLRE) 

12 High Gray Level Run Emphasis (HGLRE) 

13 Short Run Low Gray Level Emphasis (SRLGLE) 

14 Short Run High Gray Level Emphasis (SRHGLE) 

15 Long Run Low Gray Level Emphasis (LRLGLE) 

16 Long Run High Gray Level Emphasis (LRHGLE) 

 Neighbouring Gray Tone Difference Matrix (NGTDM) Features 
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[1] Zwanenburg A, Vallières M, Abdalah MA, Aerts HJWL, Andrearczyk V, Apte A, 

et al. The Image Biomarker Standardization Initiative: Standardized Quantitative 

Radiomics for High-Throughput Image-based Phenotyping. Radiology 2020:191145. 

 

 

 

  

1 Coarseness 

2 Contrast 

3 Busyness 

4 Complexity 

5 Strength 

 Gray Level Dependence Matrix (GLDM) Features 

1 Small Dependence Emphasis (SDE) 

2 Large Dependence Emphasis (LDE) 

3 Gray Level Non-Uniformity (GLN) 

4 Dependence Non-Uniformity (DN) 

5 Dependence Non-Uniformity Normalized (DNN) 

6 Gray Level Variance (GLV) 

7 Dependence Variance (DV) 

8 Dependence Entropy (DE) 

9 Low Gray Level Emphasis (LGLE) 

10 High Gray Level Emphasis (HGLE) 

11 Small Dependence Low Gray Level Emphasis (SDLGLE) 

12 Small Dependence High Gray Level Emphasis (SDHGLE) 

13 Large Dependence Low Gray Level Emphasis (LDLGLE) 

14 Large Dependence High Gray Level Emphasis (LDHGLE) 
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Supplementary Material Table 3: Performance the machine learning models on the 

external test set of each individual sequence T1w, T2w, and T1fsgd using the following 

model architectures: least absolute shrinkage and selection operator (LASSO), support 

vector machine (SVM), random forest classifier (RFC), and an artificial neural network 

(ANN). The external performance represents the values yielded when a final cross-

validation step considering only the best 150 best hyperparameter sets was 

implemented.  

Model 
Architecture Score T1w T2w T1fsgd 

LASSO 
AUC* 

0.83 (0.82-0.84) ± 
0.02 

0.82 (0.81-0.83) ± 
0.04 

0.84 (0.83-0.85) ± 
0.03 

Accuracy 0.58 0.69 0.60 

Sensitivity 0.80 0.42 0.06 

Specificity 0.43 0.83 1.00 

SVM 
 
 
 

AUC* 
0.78 (0.76-0.80) ± 

0.07 
0.81 (0.78-0.84) ± 

0.08 
0.78 (0.74-0.82) ± 

0.12 

Accuracy 0.64 0.63 0.65 

Sensitivity 0.30 0.17 0.24 

Specificity 0.89 0.88 0.96 

RFC 
AUC* 

0.80 (0.79-0.81) ± 
0.02 

0.80 (0.79-0.81) ± 
0.04 

0.82 (0.81-0.83) ± 
0.04 

Accuracy 0.70 0.66 0.63 

Sensitivity 0.35 0.33 0.18 

Specificity 0.96 0.83 0.96 

ANN 
AUC* 

0.77 (0.75-0.79) ± 
0.08 

0.79 (0.76-0.82) ± 
0.08 

0.79 (0.77-0.81) ± 
0.08 

Accuracy 0.71 0.58 0.70 

Sensitivity 0.45 0.08 0.29 

Specificity 0.89 0.83 1.00 

* Data is given as mean (95% confidence interval) ± standard deviation 
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Supplementary Material Table 4: Internal performance representing the averaged 
values over 150 models resulting from the nested cross-validation using demographic 
information, radiomic features of each individual sequence T1w, T2w, and T1fsgd or 
radiomic features of all sequences combined, as well as combining radiomic features 
(of all sequences) and demographic information for the following model architectures: 
least absolute shrinkage and selection operator (LASSO), support vector machine 
(SVM), random forest classifier (RFC), and an artificial neural network (ANN). The 
metrics are given as mean ± standard deviation.   
 

Model 
Architecture Score 

Demographic 
Features T1w T2w T1fsgd 

Combined 
Sequences 

Combined 
Sequences + 
Demographic 

Features 

LASSO AUC* 0.56 (0.55-
0.57) ± 0.06 

0.83 (0.83-
0.83) ± 0.04 

0.80 (0.79-
0.81) ± 0.05 

0.82 (0.81-
0.83) ± 0.05 

0.88 (0.87-
0.89) ± 0.05 

0.88 (0.87-
0.89) ± 0.05 

Accuracy* 0.67 (0.65-
0.69) ± 0.15 

0.79 (0.79-
0.79) ± 0.04 

0.78 (0.77-
0.79) ± 0.05 

0.79 (0.78-
0.80) ± 0.04 

0.85 (0.84-
0.86) ± 0.04 

0.85 (0.84-
0.86) ± 0.05 

Sensitivity 0.14 0.41 0.34 0.34 0.51 0.49 

Specificity 0.85 0.92 0.91 0.92 0.93 0.94 

SVM 
 
 

AUC* 0.56 (0.54-
0.58) ± 0.12 

0.80 (0.79-
0.81) ± 0.09 

0.78 (0.77-
0.79) ± 0.08 

0.75 (0.73-
0.77) ± 0.13 

0.84 (0.83-
0.85) ± 0.09 

0.85 (0.84-
0.86) ± 0.08 

Accuracy* 0.73 (0.73-
0.73) ± 0.03 

0.78 (0.78-
0.78) ± 0.04 

0.79 (0.78-
0.80) ± 0.05 

0.79 (0.78-
0.80) ± 0.05 

0.84 (0.83-
0.85) ± 0.04 

0.84 (0.83-
0.85) ± 0.05 

Sensitivity 0.04 0.38 0.37 0.34 0.50 0.45 

Specificity 0.97 0.93 0.92 0.91 0.93 0.93 

RFC AUC* 0.63 (0.62-
0.64) ± 0.06 

0.85 (0.84-
0.86) ± 0.05 

0.79 (0.78-
0.80) ± 0.05 

0.79 (0.78-
0.80) ± 0.06 

0.86 (0.85-
0.87) ± 0.05 

0.87 (0.86-
0.88) ± 0.05 

Accuracy* 0.69 (0.69-
0.69) ± 0.04 

0.81 (0.81-
0.81) ± 0.03 

0.80 (0.80-
0.80) ± 0.03 

0.80 (0.80-
0.80) ± 0.03 

0.86 (0.86-
0.86) ± 0.03 

0.86 (0.86-
0.86) ± 0.03 

Sensitivity 0.23 0.50 0.39 0.36 0.49 0.51 

Specificity 0.85 0.92 0.92 0.92 0.95 0.95 

ANN AUC* 0.68 (0.67-
0.69) ± 0.08 

0.78 (0.77-
0.79) ± 0.08 

0.76 (0.75-
0.77) ± 0.09 

0.77 (0.76-
0.78) ± 0.08 

0.83 (0.82-
0.84) ± 0.08 

0.79 (0.78-
0.80) ± 0.09 

Accuracy* 0.73 (0.73-
0.73) ± 0.03 

0.78 (0.77-
0.79) ± 0.05 

0.77 (0.76-
0.78) ± 0.05 

0.78 (0.77-
0.79) ± 0.05 

0.83 (0.82-
0.84) ± 0.04 

0.84 (0.83-
0.85) ± 0.04 

Sensitivity 0.07 0.49 0.45 0.41 0.53 0.44 

Specificity 0.95 0.89 0.86 0.88 0.90 0.94 

* Data is given as mean (95% confidence interval) ± standard deviation 

 
Supplementary Material Table 5: Feature Importance of the best performing model 
(least absolute shrinkage and selection operator (LASSO) trained on features from all 
radiomic sequences).  

Feature Name Score 

T1fs_original_glszm_ZoneEntropy 22,30362659 

T1_original_shape_Elongation 21,75575404 

T2_original_glszm_ZoneEntropy 19,1399285 

T1fs_original_shape_Flatness 14,13490208 
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T1_original_shape_Maximum2DDiameterRow 14,06067563 

T2_original_shape_Maximum2DDiameterRow 12,80611959 

T1_original_ngtdm_Busyness 10,64687961 

T2_original_shape_Maximum2DDiameterColumn 10,5844085 

T1fs_original_firstorder_InterquartileRange 9,39608846 

T2_original_shape_MajorAxisLength 9,064467759 

T2_original_shape_Maximum3DDiameter 8,953856721 

T1fs_original_firstorder_Energy 7,286263865 

T1_original_shape_MajorAxisLength 6,747650604 

T2_original_ngtdm_Complexity 2,597293753 

T1_original_shape_Maximum2DDiameterSlice 2,586796401 

T1fs_original_glcm_DifferenceEntropy 1,213683594 

T1_original_shape_Maximum3DDiameter 1,118527794 

T1fs_original_glcm_JointEntropy 0,253434882 

T1_original_glszm_LargeAreaLowGrayLevelEmphasis 0,195501056 

T1fs_original_glcm_JointAverage 0,11638087 

 
 

 

Supplementary Material Figure 1: Flow chart of the statistical analysis of the extracted 
radiomic features. 
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Supplementary Material Figure 2: Confusion matrix of the best performing model, a 
least absolute shrinkage and selection operator (LASSO) trained on all radiomic 
sequences. Misclassification rate: 0.23 ((FN + FP) / (N + P)) 
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Supplementary Material Figure 3: Boxplot of the prediction probabilities made by the 
best performing model (least absolute shrinkage and selection operator (LASSO) trained 

on features from all radiomic sequences). The probability cut-off used was 0.5. 
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Supplemental Tables 

TABLE S1  
Histology distribution 
 
Relative proportion of all histology types ranked by their frequency.  
 

Histology Proportion of patients  

Mammary carcinoma 25  (28 %) 
Prostate carcinoma 
Non-Small Cell Lung Cancer 
Urothelium cancer 
Pancreatic carcinoma 
Renal cell carcinoma 

17  (19 %) 
15  (16 %) 
6    (7 %) 
3    (3 %) 
9  (10 %) 

Cancer of unknown primary 1    (1 %) 
Rectal carcinoma 1    (1 %) 
Cholangiocellular carcinoma 1    (1 %) 
Parotic carcinoma 1    (1 %) 
Esophageal carcinoma 2    (2 %) 
Thymoma 
Hepatocellular carcinoma 

1    (1 %)  
1    (1 %) 

Gliosarcoma 1    (1 %) 
Small Cell Lung Cancer 1    (1 %) 
Gastric cancer 
Thyroid cancer 

2    (2 %) 
1    (1 %) 

Adrenal gland carcinoma 1    (1 %) 
Hypopharyngeal carcinoma 1    (1 %) 
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TABLE S2  
CT acquisition Parameters 
 

Parameter  

Scanner type Somatom Emotion 16 Siemens 
(Erlangen, Germany) 

Axial scan 
dimensions 

512 x 512 pixel 

Pixel Spacing 0.98 mm x 0.98 mm 

Slice thickness 3 mm 

Kernel B31s 
 

Voltage 130 KVP 

X ray tube Current 398.5 
(94-650) 

Abbreviations: CT: computed tomography 
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TABLE S3 
Extracted radiomics features  
 

All extracted features were computed according to the “image biomarker standardization initiative” 
(IBSI) guidelines [1]. The pyRadiomics package (version 2.0) implemented in python (version 

3.6.4) was used for feature extraction [2]. For pre-processing, a fixed bin width of 20 was used for 
image discretization. Isotropic resampling was performed to a voxel size of 1x1x1 mm using 
Bspline interpolation. 
 

 Shape Features 

1.) Volume 

2.) Surface Area 

3.) Surface Volume Area 

4.) Sphericity 

5.) Spherical Disproportion 

6.) Maximum 3D Diameter 

7.) Maximum 2D Diameter Slice 

8.) Maximum 2D Diameter Column 

9.) Maximum 2D Diameter Row 

10.) Major Axis 

11.) Minor Axis 

12.) Least Axis 

13.) Elongation 

14.) Flatness 

 First Order Features 

1.) Energy 

2.) Intensity Histogram Entropy 

3.) Minimum 

4.) 10th Percentile 

5.) 90th Percentile 

6.) Maximum 

7.) Mean 

8.) Median 

9.) Interquartile Range 
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10.) Range 

11.) Mean Absolute Deviation (MAD) 

12.) Robust Mean Absolute Deviation (rMAD) 

13.) Root Mean Squared (RMS) 

14.) Skewness 

15.) Excess Kurtosis 

16.) Variance 

17.) Intensity Histogram Uniformity 

 Local Binary pattern (LBP) Features-m1 

1.) Energy 

2.) Intensity Histogram Entropy 

3.) Minimum 

4.) 10th Percentile 

5.) 90th Percentile 

6.) Maximum 

7.) Mean 

8.) Median 

9.) Interquartile Range 

10.) Range 

11.) Mean Absolute Deviation (MAD) 

12.) Robust Mean Absolute Deviation (rMAD) 

13.) Root Mean Squared (RMS) 

14.) Skewness 

15.) Excess Kurtosis 

16.) Variance 

17.) Intensity Histogram Uniformity 

 Local Binary pattern (LBP) Features-m2 

1.) Energy 

2.) Intensity Histogram Entropy 

3.) Minimum 
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4.) 10th Percentile 

5.) 90th Percentile 

6.) Maximum 

7.) Mean 

8.) Median 

9.) Interquartile Range 

10.) Range 

11.) Mean Absolute Deviation (MAD) 

12.) Robust Mean Absolute Deviation (rMAD) 

13.) Root Mean Squared (RMS) 

14.) Skewness 

15.) Excess Kurtosis 

16.) Variance 

17.) Intensity Histogram Uniformity 

 Local Binary pattern (LBP) Features-kurtosis 

1.) Energy 

2.) Intensity Histogram Entropy 

3.) Minimum 

4.) 10th Percentile 

5.) 90th Percentile 

6.) Maximum 

7.) Mean 

8.) Median 

9.) Interquartile Range 

10.) Range 

11.) Mean Absolute Deviation (MAD) 

12.) Robust Mean Absolute Deviation (rMAD) 

13.) Root Mean Squared (RMS) 

14.) Skewness 

15.) Excess Kurtosis 
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16.) Variance 

17.) Intensity Histogram Uniformity 

 Gray Level Co-occurrence Matrix (GLCM) Features 

1.) Autocorrelation 

2.) Joint Average 

3.) Cluster Prominence 

4.) Cluster Shade 

5.) Cluster Tendency 

6.) Contrast 

7.) Correlation 

8.) Difference Average 

9.) Difference Entropy 

10.) Difference Variance 

11.) Joint Energy (IBSI: Angular Second Moment) 

12.) Joint Entropy 

13.) Informal Measure of Correlation (IMC) 1 

14.) Informal Measure of Correlation (IMC) 2 

15.) Inverse Difference Moment (IDM) 

16.) Inverse Difference Moment Normalized (IDMN) 

17.) Inverse Difference (ID) 

18.) Inverse Difference Normalized (IDN) 

19.) Inverse Variance 

20.) Maximum Probability (IBSI: Joint maximum) 

21.) Sum Entropy 

22.) Sum of Squares (IBSI: Sum of Squares) 

23.) Maximal Correlation Coefficient (MCC) 

 Gray Level Size Zone Matrix (GLSZM) Features 

1.) Small Area Emphasis (SAE) 

2.) Large Area Emphasis (LAE) 

3.) Gray Level Non-Uniformity (GLN) 
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4.) Gray Level Non-Uniformity Normalized (GLNN) 

5.) Size-Zone Non-Uniformity (SZN) 

6.) Size-Zone Non-Uniformity Normalized (SZNN) 

7.) Zone Percentage (ZP) 

8.) Gray Level Variance (GLV) 

9.) Zone Variance (ZV) 

10.) Zone Entropy (ZE) 

11.) Low Gray Level Zone Emphasis (LGLZE) 

12.) High Gray Level Zone Emphasis (HGLZE) 

13.) Small Area Low Gray Level Emphasis (SALGLE) 

14.) Small Area High Gray Level Emphasis (SAHGLE) 

15.) Large Area Low Gray Level Emphasis (LALGLE) 

16.) Large Area High Gray Level Emphasis (LAHGLE) 

 Gray Level Run Length Matrix (GLRLM) Features 

1.) Short Run Emphasis (SRE) 

2.) Long Run Emphasis (LRE) 

3.) Gray Level Non-Uniformity (GLN) 

4.) Gray Level Non-Uniformity Normalized (GLNN) 

5.) Run Length Non-Uniformity (RLN) 

6.) Run Length Non-Uniformity Normalized (RLNN) 

7.) Run Percentage (RP) 

8.) Gray Level Variance (GLV) 

9.) Run Variance (RV) 

10.) Run Entropy (RE) 

11.) Low Gray Level Run Emphasis (LGLRE) 

12.) High Gray Level Run Emphasis (HGLRE) 

13.) Short Run Low Gray Level Emphasis (SRLGLE) 

14.) Short Run High Gray Level Emphasis (SRHGLE) 

15.) Long Run Low Gray Level Emphasis (LRLGLE) 

16.) Long Run High Gray Level Emphasis (LRHGLE) 
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 Neighbouring Gray Tone Difference Matrix (NGTDM) Features 

1.) Coarseness 

2.) Contrast 

3.) Busyness 

4.) Complexity 

5.) Strength 

 Gray Level Dependence Matrix (GLDM) Features 

1.) Small Dependence Emphasis (SDE) 

2.) Large Dependence Emphasis (LDE) 

3.) Gray Level Non-Uniformity (GLN) 

4.) Dependence Non-Uniformity (DN) 

5.) Dependence Non-Uniformity Normalized (DNN) 

6.) Gray Level Variance (GLV) 

7.) Dependence Variance (DV) 

8.) Dependence Entropy (DE) 

9.) Low Gray Level Emphasis (LGLE) 

10.) High Gray Level Emphasis (HGLE) 

11.) Small Dependence Low Gray Level Emphasis (SDLGLE) 

12.) Small Dependence High Gray Level Emphasis (SDHGLE) 

13.) Large Dependence Low Gray Level Emphasis (LDLGLE) 

14.) Large Dependence High Gray Level Emphasis (LDHGLE) 
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TABLE S4 
Extension of Table 3 
 
AUROC, BA, F1 Score and MCC for the Support Vector Machine (SVM) and Random Forest 
Classifier (RFC) models trained on both segmentation modes, Gross Tumour Volume (GTV) and 
Clinical Target Volume (CTV). 
 

Model Segmentation AUC BA F1 MCC 

SVM 
GTV 0.58 ± 0.01 0.54 ± 0.02 0.33 ± 0.03 0.08 ± 0.04 

CTV 0.61 ± 0.01 0.57 ± 0.02 0.36 ± 0.03 0.13 ± 0.04 

RFC 
GTV 0.55 ± 0.01 0.52 ± 0.02 0.29 ± 0.03 0.05 ± 0.04 

CTV 0.62 ± 0.01 0.58 ± 0.02 0.37 ± 0.03 0.15 ± 0.04 

* Data is given as mean ± 1.96 standard errors for a 95% confidence interval. 

TABLE S5 
Extension of Table 4 
 
AUROC, BA, F1 Score and MCC for the SVM, RFC and Logistic Regression (LR) models trained 
on semantic, clinical, and SINS features. 
 

Model Data AUROC BA F1 MCC 

SVM 
CTV 

0.61 ± 0.01 0.57 ± 0.02 0.36 ± 0.03 0.13 ± 0.04 

RFC 0.62 ± 0.01 0.58 ± 0.02 0.37 ± 0.03 0.15 ± 0.04 

SVM 
Semantic 

0.61 ± 0.01 0.57 ± 0.02 0.38 ± 0.03 0.13 ± 0.04 

RFC 0.63 ± 0.01 0.58 ± 0.02 0.39 ± 0.03 0.16 ± 0.04 

SVM 
Clinical 

0.80 ± 0.01 0.72 ± 0.03 0.56 ± 0.05 0.43 ± 0.06 

RFC 0.79 ± 0.01 0.73 ± 0.03 0.58 ± 0.05 0.44 ± 0.06 

LR 
SINS 0.65 ± 0.01 0.58 ± 0.03 0.36 ± 0.05 0.16 ± 0.06 

SINS (binary) 0.54 ± 0.01 0.52 ± 0.03 0.19 ± 0.05 0.04 ± 0.06 

* Data is given as mean ± 1.96 standard errors for a 95% confidence interval. 

TABLE S6 
Extension of Table 5 
 
AUROC, BA, F1 Score and MCC for the SVM and RFC models trained on the different combined 
datasets. 
 

Model Data AUROC BA F1 MCC 

SVM 

CTV + SINS 0.61 ± 0.01 0.57 ± 0.02 0.36 ± 0.04 0.13 ± 0.04 

CTV + Clinical 0.75 ± 0.01 0.69 ± 0.02 0.52 ± 0.03 0.35 ± 0.04 

Semantic + SINS 0.62 ± 0.01 0.58 ± 0.02 0.39 ± 0.03 0.15 ± 0.04 

Semantic + Clinical 0.68 ± 0.01 0.63 ± 0.02 0.45 ± 0.03 0.24 ± 0.04 

CTV + SINS + Clinical 0.74 ± 0.01 0.68 ± 0.02 0.50 ± 0.03 0.33 ± 0.05 

CTV + SINS + Clinical + Semantic 0.67 ± 0.01 0.62 ± 0.02 0.44 ± 0.03 0.22 ± 0.04 

RFC 

CTV + SINS 0.60 ± 0.01 0.57 ± 0.02 0.36 ± 0.04 0.13 ± 0.04 

CTV + Clinical 0.68 ± 0.01 0.61 ± 0.02 0.42 ± 0.03 0.21 ± 0.04 

Semantic + SINS 0.65 ± 0.01 0.59 ± 0.02 0.40 ± 0.03 0.17 ± 0.04 

Semantic + Clinical 0.72 ± 0.01 0.64 ± 0.02 0.48 ± 0.03 0.27 ± 0.04 

CTV + SINS + Clinical 0.67 ± 0.01 0.61 ± 0.02 0.42 ± 0.03 0.21 ± 0.04 
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CTV + SINS + Clinical + Semantic 0.67 ± 0.01 0.61 ± 0.02 0.44 ± 0.03 0.20 ± 0.04 

* Data is given as mean ± 1.96 standard errors for a 95% confidence interval. 

 

TABLE S7 
AUROC, BA, F1 Score and MCC for the SVM and RFC models trained on clinical and SINS 
features. 
 

Model Data AUROC BA F1 MCC 

SVM 
Clinical + SINS 

0.73 ± 0.01 0.68 ± 0.03 0.52 ± 0.04 0.32 ± 0.05 

RFC 0.75 ± 0.01 0.68 ± 0.03 0.53 ± 0.04 0.35 ± 0.05 

* Data is given as mean ± 1.96 standard errors for a 95% confidence interval. 

 

TABLE S8 
Feature importance table for SVM and RFC models trained on CTV features. 
 
Importance in RFC is measured by the mean decrease in impurity. Feature importance in SVM is 
not possible to estimate given that most kernels were non-linear. Score is calculated by multiplying 
the importance of a feature by their frequency. 
 

SVM Feature Name % Chosen   RFC Feature Name % Chosen Importance Score 

GLSZM - LAHGLE 94.8  GLCM - DE 94.4 0.071 0.067 

GLCM - DE 92  GLCM - Cluster Shade 90.8 0.0699 0.0635 

GLCM - Cluster Shade 90  GLSZM - LAHGLE 96.8 0.0648 0.0627 

GLRLM - SRE 81.6  
Shape - Maximum 2D 

Diameter Row 
78.8 0.0751 0.0592 

Shape - Maximum 2D 
Diameter Row 

76.8  GLRLM - SRE 87.2 0.0626 0.0546 

GLRLM - LRE 63.6  GLRLM - LRE 64.8 0.0669 0.0434 

Shape - Elongation 54.4  GLCM - IDMN 54 0.0675 0.0365 

GLSZM - SZNN 54  Shape - Elongation 51.2 0.0704 0.036 

GLCM - IDMN 53.6  GLRLM - RLNN 52.8 0.0632 0.0334 

GLRLM - RLNN 51.6  GLSZM - SZNN 52.4 0.0633 0.0332 

GLSZM - SAE 45.6  
Shape - Surface 

Volume Ratio 
39.2 0.0713 0.0279 

GLDM - LDLGLE 40.8  GLSZM - SAE 44 0.059 0.026 

GLDM - LDHGLE 37.2  GLDM - LDLGLE 42 0.0616 0.0259 

GLSZM - GLNN 35.2  GLDM - LDE 35.6 0.0697 0.0248 

GLCM - Cluster 
Prominence 

34.4   
GLCM - Cluster 

Prominence 
35.6 0.0692 0.0246 

 

TABLE S9 
Feature importance table for SVM and RFC models trained on clinical features. 
 

SVM Feature Name % Chosen   RFC Feature Name % Chosen Importance Score 

Age 100  Tumour Type: Others 100 0.2229 0.2229 

KPS 100  
Tumour Type: Breast 

Cancer 
100 0.2218 0.2218 

Opiate Medication 100  Tumour Type: NSCLC 100 0.1969 0.1969 
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Tumour Type: Breast 
Cancer 

100  Opiate Medication 100 0.1508 0.1508 

Tumour Type NSCLC 100  KPS 100 0.1235 0.1235 

Tumour Type: Others 100   Age 100 0.0841 0.0841 

 

TABLE S10 
Feature importance table for SVM and RFC models trained on semantic features. 
 

SVM Feature Name % Chosen   RFC Feature Name % Chosen Importance Score 

Vertebral body collapse: 
<50% collapse 

100  

GTV - Classification: 
Body + bilateral 

pedicle/transverse 
processBody 

98.4 0.0775 0.0763 

Posterolateral 
involvement of the spinal 

elements: None of the 
above 

100  
Imaging - Bone 
reaction: Lytic 

98 0.0743 0.0728 

Location: Mobile 99.2  

Posterolateral 
involvement of the 
spinal elements: 

Bilateral 

94.4 0.0753 0.0711 

Vertebral body collapse: 
>50% collapse 

98.8  
GTV - Classification: 

Body + bilateral 
pedicle/transverse  

93.2 0.0729 0.0679 

Imaging - Bone reaction: 
Lytic 

97.6  
Soft tissue component: 

Yes 
84.4 0.0778 0.0656 

GTV - Classification: 
Body + unilateral pedicle 

97.6  
Vertebral body 
collapse: >50% 

collapse 
99.2 0.0653 0.0647 

Posterolateral 
involvement of the spinal 

elements: Bilateral 
96  

Posterolateral 
involvement of the 

spinal elements: None 
of the above 

100 0.0644 0.0644 

GTV - Classification: 
Body + bilateral 

pedicle/transverse 
processBody 

94.4  
Soft tissue component: 

No 
82.8 0.0774 0.0641 

Location: Semirigid 88.4  
Imaging - Bone 
reaction: Mixed 

49.2 0.1105 0.0544 

Soft tissue component: 
Yes 

86  
Vertebral body 
collapse: <50% 

collapse 
100 0.0536 0.0536 

Soft tissue component: 
No 

84.8  

Posterolateral 
involvement of the 
spinal elements: 

Unilateral 

71.2 0.0708 0.0504 

Posterolateral 
involvement of the spinal 

elements: Unilateral 
64  

Imaging - Bone 
reaction: Blastic 

39.2 0.1115 0.0437 

Vertebral body collapse: 
No collapse with >50% 

body involved 
52.8  Location: Mobile 98 0.0426 0.0418 

GTV - Classification: 
Unilateral pedicle 

51.6  
GTV - Classification: 

Unilateral pedicle 
47.6 0.0747 0.0356 
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Vertebral body collapse: 

None of the above 
48   Location: Semirigid 88.4 0.0397 0.0351 

 

TABLE S11 
Feature importance table for SVM and RFC models trained on CTV, clinical, SINS and 
semantic features. 
 

SVM Feature Name % Chosen   RFC Feature Name % Chosen Importance Score 

Tumour Type: Breast 
Cancer 

100  
Posterolateral involvement of 
the spinal elements: None of 

the above 
94 0.0714 0.0671 

Tumour Type: Others 93.6  Tumour Type: Breast Cancer 99.2 0.0598 0.0594 

Posterolateral 
involvement of the 

spinal elements: None 
of the above 

90.8  GLSZM - LAHGLE 89.6 0.0653 0.0585 

GLSZM - LAHGLE 88.4  Tumour Type: Others 93.2 0.061 0.0569 

GTV - Classification: 
Unilateral pedicle 

84  
Vertebral body collapse: 

<50% collapse 
79.2 0.0716 0.0567 

Vertebral body 
collapse: <50% 

collapse 
78.4  GLCM - Cluster Shade 78 0.0721 0.0562 

GLCM - Cluster 
Shade 

76  
GTV - Classification: 

Unilateral pedicle 
83.2 0.0627 0.0521 

Location: Mobile 70.4  Location: Mobile 70 0.0721 0.0505 

GLDM - LDHGLE 68  GLDM - LDHGLE 72.4 0.067 0.0485 

GLCM - DE 58  Imaging - Bone reaction: Lytic 61.6 0.0699 0.0431 

Imaging - Bone 
reaction: Lytic 

57.6  Location: Semirigid 50 0.0663 0.0331 

Location: Semirigid 46.8  GLCM - DE 48.8 0.0668 0.0326 

GTV - Classification: 
Body + bilateral 

pedicle/transverse 
processBody 

34  
GTV - Classification: Body + 
bilateral pedicle/transverse 

processBody 
36.4 0.0677 0.0246 

Posterolateral 
involvement of the 
spinal elements: 

Bilateral 

31.6  
Posterolateral involvement of 
the spinal elements: Bilateral 

34.4 0.0652 0.0224 

Vertebral body 
collapse: >50% 

collapse 
30.4   

Vertebral body collapse: 
>50% collapse 

27.2 0.0727 0.0198 

 

TABLE S12 
Averaged optimal hyperparameter values for the three best models. 
 
The values shown have been averaged across the 250 final models. In the cases where an 
average is not possible (e.g., categorical parameters), the mode has been used. In the cases 
where a parameter does not make sense or alters the model in any way (e.g., gamma or degree 
for a linear kernel in SVM), it has been accordingly excluded. 
 

Model max_features max_depth min_samples_split min_samples_leaf Bootstrap Criterion 
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CTV 
radiomics 

model 
(RFC) 

'auto' 503,22 5,21 2,92 TRUE 'gini' 

            

Clinical 
model 
(SVM) 

C Kernel Degree Gamma   

0,5 poly' 4,54 8,62   

            

Combined 
CTV and 
clinical 
model 
(SVM) 

C Kernel Degree Gamma   

0,43 poly' 3,57 4,73   
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SUPPLEMENTAL FIGURES 

FIGURE S1 
Patients workflow 
 

 
 

FIGURE S2 
ROC and Calibration Curves: Extension of Figure 2 
 
Receiver operator characteristic (ROC) and Calibration curves for the comparisons of the 
remaining models, from Table 3 and Table 5, that are not shown in Figure 2.  
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FIGURE S3 
Averaged Confusion Matrix for the best performing radiomics model 
 
Confusion Matrix that averages the classification performances of the 250 best radiomics models 
(RFC trained on CTV radiomics features).  

 

FIGURE S4 
Averaged Confusion Matrix for the best performing model overall 
 
Confusion Matrix that averages the classification performances of the 250 best models overall 
(RFC trained on CTV radiomics features). 
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Supplemental Tables 

TABLE S1  
Side effect prediction extended scores 
 

Table S1. Acquisition parameters extracted from the DICOM metadata files of the TUM center. 

Acquisition 

parameters 

Matrix 

(pixel) 

Pixel Spacing 

(mm) 

Slice Thickness 

(mm) 
Kernel 

Tube Current 

(kV) 
CT Scanner 

TUM 512 x 512 0.97 x 0.97 3 B31s 130 
Siemens Somatom 

Emotion 16 

 

TABLE S2  
Side effect prediction extended scores 
 

Table S2. Test scores of the best performing models for each of the side effects and their configuration. For instance, the 

best model that predicted skin inflammation was a RF trained on the TBV cohort, which used Spearman’s correlation as 

the feature selection technique. 

Metric 
Moist Cells Epitheliolysis Edema 

TBV, LASSO, MRMR GT, LASSO, Spearman 

AUROC* 0.74 ± 0.01 0.55 ± 0.01 

Balanced Accuracy 0.65 0.52 

F1 0.35 0.15 

Sensitivity 0.56 0.31 

Specificity 0.75 0.73 

MCC 0.25 0.03 

* Data is given as mean ± 1.96 standard errors for a 95% confidence interval 

 

TABLE S3  
Best radiomics cohort extended scores 

 

Table S3. Test scores of the best performing models depending on the training data. For instance, for the radiomics cohort 

TBV, a LASSO classifier performed best when using MRMR as the feature selection technique, and predicting moist cells 

epitheliolysis. 

Metric 
TBV GT Clinical Features 

Moist ep., LASSO, MRMR Moist ep., RF, MRMR Moist ep., LR, Spearman 

AUROC 0.74 ± 0.01 0.65 ± 0.01 0.70 ± 0.01 

Balanced Accuracy 0.65 0.59 0.65 

F1 0.35 0.27 0.34 

Sensitivity 0.56 0.46 0.57 

Specificity 0.75 0.71 0.71 

MCC 0.25 0.14 0.23 

* Data is given as mean ± 1.96 standard errors for a 95% confidence interval 
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TABLE S4  
Best modelling strategy 
 
The four ML algorithms have been compared, and their best configurations of prediction target, 
radiomics feature set and feature selection technique are shown. The best performing ML algorithm 
was a LASSO classifier trained on TBV radiomics features to predict moist epitheliolysis (AUROC 
of 0.74), albeit not by a statistically significant margin: LR and RF are still within 1.96 standard errors 
at 0.73 and 0.72, respectively. Regardless of the algorithm selected, the configuration that has 
proven to perform best was using TBV as the training radiomics features, and MRMR as the feature 
selection technique. Moist epitheliolysis as the prediction target has, again, proven to yield the best 
results.  

Table S4. Test scores of the best performing model configurations for each of the four ML algorithms. For instance, the 

best LR performance was achieved when trained on volume A radiomics features, using MRMR as the feature selection 

technique, and predicting moist cells epitheliolysis. 

Metric 

LR LASSO SVM RF 

TBV, Moist ep., 

MRMR 

TBV, Moist ep., 

MRMR 

TBV, Moist ep., 

MRMR 

TBV, Moist ep., 

MRMR 

AUROC 0.73 ± 0.01 0.74 ± 0.01 0.69 ± 0.02 0.72 ± 0.01 

Balanced Accuracy 0.65 0.65 0.63 0.64 

F1 0.34 0.35 0.32 0.33 

Sensitivity 0.56 0.56 0.47 0.5 

Specificity 0.74 0.75 0.78 0.77 

MCC 0.23 0.25 0.21 0.22 

* Data is given as mean ± 1.96 standard errors for a 95% confidence interval 

 

TABLE S5  
Best feature selection approach 
  
The performance of the two different feature selection techniques is shown. Using either technique, 
LASSO performed best when training on the selected TBV features, and predicting moist cells 
epitheliolysis. 
 
The impact of the feature selection technique is minimal, albeit noticeable, when compared to other 
modelling configurations, such as the prediction target or the ML algorithm. This can be seen not 
only for the best model overall (LASSO classifier, trained on the selected TBV radiomics features, 
and predicting moist cells epitheliolysis), but in many other instances. While MRMR has performed 
slightly better on the most optimal models, Spearman leads to marginally better results on just above 
random performing models.  

Table S5. Test scores of the best performing models depending on the feature selection technique utilized. For instance, 

when using MRMR to select the best volume A radiomics features, LASSO performed best when predicting moist cells 

epitheliolysis. 

Metric 
MRMR Spearman 

TBV, Moist ep., LASSO TBV, Moist ep., LASSO 

AUROC 0.74 ± 0.01 0.72 ± 0.01 

Balanced Accuracy 0.65 0.64 
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F1 0.35 0.33 

Sensitivity 0.56 0.5 

Specificity 0.75 0.77 

MCC 0.25 0.23 

* Data is given as mean ± 1.96 standard errors for a 95% confidence interval 

 

TABLE S6  
Combined modelling extended results 
 

Table S6. Test scores of the best performing combined models for each of the radiomics cohorts. For instance, when using 

TBV radiomics features together with clinical features as training data, a RF classifier performed best when predicting 

skin inflammation. 

Metric 

TBV + Clinical Features GT + Clinical Features 

Moist ep. Edema Moist ep. Edema 

LASSO, MRMR RF, Spearman RF, MRMR LASSO, Spearman 

AUROC 0.73 ± 0.01 0.53 ± 0.02 0.67 ± 0.01 0.55 ± 0.01 

Balanced Accuracy 0.65 0.51 0.6 0.52 

F1 0.34 0.12 0.29 0.15 

Sensitivity 0.55 0.17 0.49 0.33 

Specificity 0.74 0.86 0.71 0.71 

MCC 0.23 0.03 0.16 0.02 

* Data is given as mean ± 1.96 standard errors for a 95% confidence interval 

 

TABLE S7  
Best performing TBV model excluding volume-correlated features 
 

Table S7. Test scores of the best performing TBV model, excluding features with a Spearman correlation coefficient larger 

than 0.8 towards breast volume. The configuration was a LASSO classifier, using MRMR as the feature selection technique 

for further refinement, and predicting moist epitheliolysis. 

Metric 
TBV excluding volume features 

Moist ep., LASSO, MRMR 

AUROC 0.71 ± 0.01 

Balanced Accuracy 0.63 

F1 0.32 

Sensitivity 0.51 

Specificity 0.75 

MCC 0.21 

* Data is given as mean ± 1.96 standard errors for a 95% confidence interval 

 

TABLE S8  
Feature importance report of the best performing clinical model 
 



5 
 

Table S8. Feature importance report of the best performing clinical model: a LR classifier trained on clinical features, 

selected with a double Spearman rank correlation test, and predicting moist cells epitheliolysis. Score is calculated by 

multiplying the average importance of a feature by their selection frequency. The best 15 features are shown. 

Feature % Selected 
Average 

Importance 
Score 

TBV Volume 100 3.29 3.29 

RT Boost 100 0.42 0.42 

EQD2 Max 
Radiation Dose 

100 0.31 0.31 

Smoker Status 100 0.28 0.28 

Chemotherapy 100 0.26 0.26 
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Supplemental Figures 

FIGURE S1 
VOI references of CT scans for TBV (left) and GT (right)  
 

 

Figure S1. CT scans highlighting both VOIs studied in this research: TBV (left) and GT (right). 

 

FIGURE S2 
Patient workflow of clinical features and side effects  

 

Figure S2. Patient workflow summarizing their clinical features and side effects distributions. 

 

FIGURE S3 
Extended predictive influence of the breast volume (correlation scores) 
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Figure S3. Spearman's correlation scores between the volume of the whole breast and the prediction probabilities of the 

best performing model, a LASSO classifier trained on TBV radiomics features, selected by MRMR, and used to predict 

moist cells epitheliolysis as a surrogate for skin inflammation side effect. 

 

FIGURE S4 
Extended predictive influence of the breast volume (correlation p-values) 
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Figure S4. P-values of the Spearman's correlations between the volume of the whole breast and the prediction probabilities 

of the best performing model, a LASSO classifier trained on TBV radiomics features, selected by MRMR, and used to 

predict moist cells epitheliolysis as a surrogate for skin inflammation side effect. 

 

FIGURE S5 
Calibration curve of the best performing radiomics model 
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Figure S5. Calibration curve of the best performing radiomics model: a LASSO classifier trained on TBV radiomics 

features, selected with MRMR, and predicting moist cells epitheliolysis. 
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Supplemental Tables 

TABLE S1  
MRI acquisition parameters 

Table S1. Acquisition parameters extracted from the DICOM metadata files. 

Acquisition 

Parameters 

Magnetic Field 

Strength (T) 

Repetition 

Time (ms) * 

Echo Time 

(ms) * 

Slice 

Thickness 

(mm) * 

Flip Angle 

(°) * 

Pixel Spacing 

(mm) * 

1.0 1.5 3.0 

Baseline 3 63 30 1559 - 

2603.2 

23.9 - 40.1 4.4 - 5.2 101.8 - 

232.2 

0.66 - 0.82 x 

0.66 - 0.82 

Follow Up 6 55 34 1875.5 - 

2959.3 

26.8 - 39.6 4.7 - 5.3 111.6 - 

131.8 

0.75 - 0.91 x 

0.75 - 0.91 

* Data is given as the 95% confidence interval boundary values. 

TABLE S2  
Extracted radiomics features 

Table S2. Radiomics features extracted from the MRI scans. All extracted features were computed according to the “image 

biomarker standardization initiative” (IBSI) guidelines [1]. The pyRadiomics package (version 2.0) implemented in Python 

(version 3.6.4) was used for feature extraction [2]. 

Shape Features 

Volume Surface Area 

Surface Volume Area Sphericity 

Spherical Disproportion Maximum 3D Diameter 

Maximum 2D Diameter Slice Maximum 2D Diameter Column 

Maximum 2D Diameter Row Major Axis 

Minor Axis Least Axis 

Elongation Flatness 

First Order Features 

Energy Intensity Histogram Entropy 

Minimum 10th Percentile 

90th Percentile Maximum 

Mean Median 

Interquartile Range Range 

Mean Absolute Deviation (MAD) Robust Mean Absolute Deviation (rMAD) 

Root Mean Squared (RMS) Skewness 

Excess Kurtosis Variance 

Intensity Histogram Uniformity  

Gray Level Co-occurrence Matrix (GLCM) Features 

Autocorrelation Joint Average 

Cluster Prominence Cluster Shade 

Cluster Tendency Contrast 

Correlation Difference Average 

Difference Entropy Difference Variance 

Joint Energy (IBSI: Angular Second Moment) Joint Entropy 

Informal Measure of Correlation (IMC) 1 Informal Measure of Correlation (IMC) 2 
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Inverse Difference Moment (IDM) Inverse Difference Moment Normalized (IDMN) 

Inverse Difference (ID) Inverse Difference Normalized (IDN) 

Inverse Variance Maximum Probability (IBSI: Joint maximum) 

Sum Entropy Sum of Squares (IBSI: Sum of Squares) 

Maximal Correlation Coefficient (MCC)  

Gray Level Size Zone Matrix (GLSZM) Features 

Small Area Emphasis (SAE) Large Area Emphasis (LAE) 

Gray Level Non-Uniformity (GLN) Gray Level Non-Uniformity Normalized (GLNN) 

Size-Zone Non-Uniformity (SZN) Size-Zone Non-Uniformity Normalized (SZNN) 

Zone Percentage (ZP) Gray Level Variance (GLV) 

Zone Variance (ZV) Zone Entropy (ZE) 

Low Gray Level Zone Emphasis (LGLZE) High Gray Level Zone Emphasis (HGLZE) 

Small Area Low Gray Level Emphasis (SALGLE) Small Area High Gray Level Emphasis (SAHGLE) 

Large Area Low Gray Level Emphasis (LALGLE) Large Area High Gray Level Emphasis (LAHGLE) 

Gray Level Run Length Matrix (GLRLM) Features 

Short Run Emphasis (SRE) Long Run Emphasis (LRE) 

Gray Level Non-Uniformity (GLN) Gray Level Non-Uniformity Normalized (GLNN) 

Run Length Non-Uniformity (RLN) Run Length Non-Uniformity Normalized (RLNN) 

Run Percentage (RP) Gray Level Variance (GLV) 

Run Variance (RV) Run Entropy (RE) 

Low Gray Level Run Emphasis (LGLRE) High Gray Level Run Emphasis (HGLRE) 

Short Run Low Gray Level Emphasis (SRLGLE) Short Run High Gray Level Emphasis (SRHGLE) 

Long Run Low Gray Level Emphasis (LRLGLE) Long Run High Gray Level Emphasis (LRHGLE) 

Neighbouring Gray Tone Difference Matrix (NGTDM) Features 

Coarseness Contrast 

Busyness Complexity 

Strength  

Gray Level Dependence Matrix (GLDM) Features 

Small Dependence Emphasis (SDE) Large Dependence Emphasis (LDE) 

Gray Level Non-Uniformity (GLN) Dependence Non-Uniformity (DN) 

Dependence Non-Uniformity Normalized (DNN) Gray Level Variance (GLV) 

Dependence Variance (DV) Dependence Entropy (DE) 

Low Gray Level Emphasis (LGLE) High Gray Level Emphasis (HGLE) 

Small Dependence Low Gray Level Emphasis 

(SDLGLE) 

Small Dependence High Gray Level Emphasis 

(SDHGLE) 

Large Dependence Low Gray Level Emphasis 

(LDLGLE) 

Large Dependence High Gray Level Emphasis 

(LDHGLE) 

 

Supplemental Figures 

FIGURE S1 
Patient workflow 
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Figure S1. Patient cohort and dataset creation. Histological samples taken after the first chemotherapy cycle were 

evaluated according to the Salzer-Kuntschik score for histological response [3]. For appropriate imaging, MR imaging 

scans before (baseline) and after (post-ct) were mandatory. Due to technical issues during the radiomics analysis, two 

more patients had to be excluded. 

FIGURE S2 
AUROC score comparison of the best radiomics and radiology models 
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Figure S2. AUROC values of baseline, post-ct and relative delta time points of the best performing radiology (blue) and 

radiomics (green; T1fsgd MRI modality) models. 

FIGURE S3 
Patient-wise comparison of the 6 most predictive features between baseline and post-ct 
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Figure 3. Evolution from baseline to post-ct of all patients for the 6 most predictive features in the best performing model: 

a LogReg trained on the relative delta of T1fsgd features selected by a two-step Spearman’s correlation coefficient. Each 

radiomics feature is accompanied by the p-value of the Wilcoxon signed-rank test. 
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