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Abstract 

With the global aging population and the deterioration of people's living habits, the 

morbidity and mortality of cancer continues to increase. Developing methods to prevent 

cancer, predict cancer, cure cancer and increase life span are the main goals of modern 

precision medicine. However, traditional medical techniques are not available for some 

patients as intra-tumour heterogeneity promotes tumour evolution to form diverse 

diseases. This limits the use of effectiveness of invasive biopsies based on molecular 

assays. The evolution of this trend has led to breakthroughs in precision medicine to 

prevent, diagnose and treat cancer more effectively.  

Radiomics, a non-invasive and quantitative mining medical imaging information 

method, could extract molecular biological features and enormous feature combinations 

to customise individualised treatment and solve the problem of heterogeneity, satisfying 

the standards of precision medicine. However, it faces many challenges in the feature 

selection process, including redundant features, irrelevant features and the overfitting 

risk. More important, people know little about radiomics biological background and its 

connection to radiology, so it is difficult to apply radiology directly to medicine as it 

lacks interpretability. 

The core of this thesis is radiomic biology analysis that connects radiomic imaging 

information with molecular biology information to achieve a medical “gold standard” 

for cancer management. Developing methods to succeed in the feature selection process 

of data of varying dimensions is the main goal of this paper. Our major contributions 

in this thesis can be summarised as below:   



1. We firstly proposed an unsupervised learning framework to guide 

supervised learning in the reduction of feature dimensions from large 

cohorts Non-Small Cell Lung Cancer data (NSCLC) on both clinical data 

and radiomic data for survival prediction. The novelties include 1) we use a 

data-driven clustering method; we compare this with outcome-driven 

classical machine learning models (Cox proportion hazard and Random 

survival forest). 2) Optimising the clustering algorithm automatically 

reveals the hidden structure of feature information inherent in unlabelled 

data sets. 3)  Each part has specific selection criteria to overcome common 

feature selection challenges. 

2. An interpretable machine learning approach measures the contribution of 

features for each case and the connection of radiomics to its underlying 

biological features to make clinical decisions in leukemia and breast cancer 

cases. The weight of the feature can be estimated by measuring the distance 

of the approximate perturbation centre. Related experiments found that the 

error in the segmentation of bone marrow lesions has no significant impact 

on the experimental results. 

3. Based on the framework of feature selection that we proposed, to ensure the 

fairness and stability of the data split when processing classification results, 

cross-validation is embedded in the training process. We further propose a 

traversal selection method, optimising the computational complexity of the 

selection process to obtain the most robust feature set.  



The proposed selection framework has been verified by multiple evaluation methods 

on NSCLC patients and compared to state-of-the-art well-known survival algorithms. 

In this thesis, all experimental datasets include clinical data, anatomical imaging data 

and molecular imaging data from three hospitals. We focus our research on several 

common or specific cancer types and assess the value of the radiomic method for cancer 

prognosis.  
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Chapter 1. Introduction 

1.1. Background and Motivations 

Because of the growth of the global population and aging, and people’s sub-healthy 

living conditions such as smoking, obesity, and lack of exercise, the incidence and 

death rate of cancer continues to increase. According to worldwide cancer statistics in 

2018, there are 18.1 million new cases of cancer and 9.6 million deaths in the year, an 

increase of 4.1 million new cases and an additional 1.4 million deaths compared to 

2012 [3, 4]. The development of modern medicine has contributed to the improvement 

of overall life expectancy. For example, vaccines against Human Papillomavirus (HPV) 

created can effectively reduce the likelihood of anogenital diseases [5], and the 

Hepatitis vaccine has become a major factor in the reduction of the morbidity and 

mortality of Viral hepatitis [6]. However, lower case because the lack of 

comprehensive population-based cancer registries for understanding the causes and 

development of cancer vaccines in many low- and middle-income countries, 

approximately 70 % of total cancer mortality comes from these regions [7]. The main 

morbidity and mortality is also derived from carcinogenic infections, such as HPV, 

Hepatitis virus, and Helicobacter pylori. It is estimated that 15% or more of the global 

cancer burden can be attributed to carcinogenic infections [8]. The evolution of this 

trend has led to breakthroughs in the new implementation of targeted cancer 

management to prevent, diagnose and treat cancer more effectively. 

Although 30-50% of cancers can be avoided by improving lifestyle habits and 

implementing preventive measures, effective clinical treatment decision is critical for 

those who have mid- or late-stage cancers [3]. There are many strategies of cancer 
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treatment including surgery, radiation therapy (RT), chemotherapy, immunotherapy, 

targeted therapy (TT), hormone therapy (HT) and stem cell transplant (SCT). Because 

of different cancer types, tumoral sites and progressions, the treatment methods are 

also discrepant. However, often the special tumor location, large tumor size and 

worsening body condition greatly increase the difficulty of operation. Hence, other 

treatment methods are needed to support the limitations of a “one-size-fits-all” 

approach to cancer treatment [9]. How to determine the most appropriate treatment is 

a major challenge for cancer management.  

1.2. Precision Medicine Challenges 

Precision medicine is a treatment that uses the genetic information of the disease to 

select the treatment that is most likely to be suitable for the patient. Precision medicine 

is also called personalized treatment as it considers different layers of patient 

information including demographics, proteomics, blood biomarkers, genomics and 

imaging, to form different treatment decisions [10-12]. Among them, the genetic tests 

of tumors have the potential to analyze the applicability of targeted drugs on mutant 

genes. Genetic tests will help determine the most likely progression, direction and 

treatment response of tumors, thereby fundamentally assessing the effectiveness of the 

treatment regimen and eliminating ineffective treatments [13]. However, because of 

its extremely cost, genetic tests are difficult to be widely used. This series of 

personalized treatments have three common goals: 1) Understanding the treatment 

response mechanism. 2) Developing a road against drug resistance. 3) Improving the 

life expectancy of cancer patients as much as possible [9]. One of the main challenges 

to achieving these goals is the heterogeneity of cancer, which confines diagnosis and 

therapeutics.  
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1.2.1.Tumor Heterogeneity 

Patients with the same type, stage and symptoms are likely to have different responses 

even when they receive the same treatment [13]. Therefore, apparent different 

symptoms of cancer treatment failure, i.e. the frequent recurrence and metastasis of 

cancer, reduction of drug sensitivity and prognostic discrepancy, are most likely due 

to tumor heterogeneity. 

Tumor heterogeneity [14] refers to the growth of cancer cells through multiple 

divisions to show different morphological and phenotypic characteristics, including 

cell proliferation ability, genetic alteration, signaling pathways, drug response, 

immune response, cellular metabolism, motility and metastasis potential. These 

differences interfere with the effectiveness of cancer treatment in all aspects and 

become one of the main obstacles of precision medicine. From broadly speaking, 

tumor heterogeneity can be divided into two types: intra-tumor heterogeneity and inter-

tumor heterogeneity (inter-patient and intra-patient tumor heterogeneity) (as shown in 

Figure 1-1). 

Tumoral heterogeneity is also characterized by spatial heterogeneity and temporal 

heterogeneity. The gene and cell subtype spatial heterogeneity within tumors, and the 

temporal heterogeneity of primary and secondary tumors limit the utility of invasive 

biopsies based on molecular assays [11, 15].  Similarly, genetic analysis of tumors may 

deliver incorrect information on cell mass mutations, expression, and metabolism as 

the spatial and temporal information cannot easily lock on same tissue [16]. This 

means that even if part of the cancer cells may be inhibited and killed by the targeted 

drugs, it is fundamentally impossible to completely kill all the cancer cells, and the 

surviving cancer cells will develop resistance to the drug, commonly known as drug 
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resistance [17] (Figure 1-2).  Hence, it is necessary to customize individualized 

treatment solving the obstacle of heterogeneity and achieving the goals of precision 

medicine [18]. 

 

Figure 1-1. The types of tumor heterogeneity. (A) Intratumor or intercellular heterogeneity 

from primary tumor (top) and metastatic tumor (bottom). (B) Intra-patient heterogeneity 

comes from the discrepancies among the primary tumor and metastatic tumors or among 

metastatic tumors. (C) The inter-patient heterogeneity is the differences from different tumors 

of patients. 

 

Figure 1-2. The procedure of drug resistance for subclones-cells re-form heterogeneous tumors. 



 

21  

1.2.2. Integrate Multi-level Biomarkers Information  

Biomarkers [19, 20] are a repeatable and objective way to record the biological state. 

It can detect what activities will be changed in the body or as target drug interfered 

and monitored disease progressions or curative effect. However, different biological 

indicators may appear in different patients even if they receive the same treatment [21]. 

Therefore, patients with the same type of cancer can be separated into more sub-groups 

by consolidating a large variety of molecular marker data to improve the therapeutic 

effect [22]. Hence, determining how to integrate, extract, select and analyze these 

biological results is a big challenge. 

these important biomarkers can be obtained from multiple omics or multiple layers’ 

molecules, such as genomics, metabolomics, microbiomics and proteomics, and then 

Integrating these biomarkers analysis to explain pathological mechanisms [22] (Figure 

1-3). These biomarkers are widely utilized in many clinical applications, including 

diagnostic markers, monitoring disease progression markers, disease prognosis 

markers and curative effect markers [23].  

Currently, there are many biomarkers for diagnosing diseases, the commonly used of 

which are blood tests, urine tests and radio-imaging based parameters in metabolomics 

for preliminary disease inspections [24]. This does not mean that the rest of three other 

omics information cannot be applied to the diagnosis of the disease. On the contrary, 

they fundamentally understand, explore and track disease. Taking the diagnosis of the 

Non-Small Cells Lung Cancer (NSCLC) subtype as an example, the expression of two 

genes driven, Epidermal Growth Factor Receptor (EGFR) and KRAS, were used to 

identify 2 new adenocarcinoma subtypes in 2004 [25, 26]. In the following decade, the 

researchers found that the three enzyme proteins, PPP3CA, DOT1L and FtsJ 
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Methyltransferase Domain Containing 1 (FTSJD1) identified new several lung 

adenocarcinomas subtypes [27]. Some proteomic biomarkers are very effective in the 

prognosis of the disease. Researchers validated 17 types of circulating inflammatory 

proteins as biomarkers due to were prognostic ability in lung cancer [28]. Microbiome 

biomarkers also have the potential to influence cancer progression and prognosis. 

Because of the pathogenic mechanism of Fusobacterium nucleatum on colorectal 

cancer and intestinal inflammation, it provides strong support for functional microbial 

markers [29-34]. If there is no effective biomarker to detect the activities of the tumor, 

then the targeted treatment will be limited. Therefore, there is an urgent requirement 

for more mature biomarkers to capture the molecular spectrum of tumors. Medical 

imaging has huge potential to capture the tumor phenotypes in a non-invasive way [11, 

35]. 

 

Figure 1-3. The types of biomarkers can be classified by multilayer molecule-omics 

information, including genomics, proteomics, metabolomics and microbiomics. 
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1.3. Medical Imaging  

The technologies of medical imaging play a core role in the whole process of cancer 

management [36, 37]. It accurately determines tumor location, size, cancer metastasis, 

and whether treatment involves critical anatomical structures. Especially, with the rise 

of genomics and proteomics technologies, it integrates the unique molecular and 

physiological information of each patient with the anatomical information obtained by 

conventional imaging methods to detect molecular or physiological changes, assess 

and modify therapeutic schedules in real-time, simplify the development process of 

cancer drugs [36]. More importantly, this imaging technology is visualized tissue in 

non-invasive ways to avoid injury from invasive biopsy [11].  

There are many mature imaging technologies, such as Computed Tomography (CT) 

imaging, Positron-emission Tomography (PET) imaging, Magnetic Resonance 

Imaging (MRI) and Medical ultrasound imaging. Different modalities of molecular 

imaging technology can observe different information. CT images can assess the 

cancer structural features, especially organs composed of soft tissues such as the spinal 

cord, lung, liver, pancreas, etc., but it cannot describe the functional details of solid 

tumors and it is difficult to find initial symptoms of cancer. PET images can detect the 

presence of early cancer cells and their molecule metabolic activities but have a poorer 

ability to describing structural tissue information [11]. MRI images are superior to CT 

in soft tissue such as nerves, blood vessels, muscles, etc. However, the detection of 

lung, liver, pancreas, adrenal gland and prostate is worse than CT and more expensive 

[38]. 

Although these imaging techniques are widely implemented in hospitals for treating 

patients, the expression of information from imaging is limited due to the 

javascript:;
javascript:;
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oversimplification of internal diagnostic criteria, For example, from a clinical 

perspective, PET-CT imaging is difficult to evaluate the Bone Marrow Involvement 

(BMI) in suspected relapsed leukemia patients, especially in patients with diffuse 

leukemia [39]. This is because the available information from these clinical criteria is 

definitely limited and the assessment is only qualitative rather than quantitative [40, 

41]. Therefore, there is an urgent need for an approach for quantitatively mining more 

valuable information from imaging to diagnose, treat and monitor disease. With the 

rapid development of hardware devices and imaging agents in medical imaging 

technology, a computer-assisted standard quantitative extracted features method, 

known as radiomics, as the true transformative power of medical imaging analysis. 

1.4. Contributions 

The core of this thesis is radiomic biology analysis that connects radiomic imaging 

information with molecular biology to achieve a medical “gold standard” for cancer 

management. Our major contributions in this thesis can be summarized as below:   

1) We firstly proposed a framework based on unsupervised learning to guide 

supervised learning in the reduction of feature dimensions from NSCLC for 

survival prediction. Different from most feature selection methods, we use the 

combination of based on data-driven clustering method with outcome-driven 

classical machine learning models (Cox proportion hazard and Random 

survival forest) as comparison. Optimizing the clustering algorithm reveals the 

hidden structure of feature information inherent in unlabeled data sets to ensure 

the stability, robustness and scalability of the clustering results. Each part has 

specific selection criteria to overcome these challenges to select the most 

informative, representative, and non-redundant feature combinations. 
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2) An interpretable machine learning approach measures the contribution of 

features for each case and the connections of radiomics with its underlying 

biological features to seek innovate clinical decision making in related studies. 

The weight of the feature can be estimated by measuring the distance of the 

approximate perturbation center. In this thesis, apply on predicted bone marrow 

biopsy (BMB) conditions of leukemia patients and the status of pathologic 

complete response (pCR) in patients with locally advanced breast cancer. 

 
3) Based on the framework of feature selection we proposed, in order to ensure 

the fairness and stability of the data splits when processing the classification 

results, the cross-validation is embedded in the part of the outcome-driven to 

select the most representative and reasonable features set. We further propose 

a traversal selection method optimizing the computational complexity of the 

selection process. Under the comparison of the mean and variance of 30 times 

cross-validation, the most robust feature set can be selected. In addition, this 

approach has played an important role in the evaluation of tumor heterogeneity 

in breast cancer subtypes and the conclusion is consistent with clinical 

experiences. 

 

1.5. Thesis Organization 

The MPhil thesis is divided into 6 chapters. Chapter 1 provides a general background 

about cancer management challenges, and giving a literature review for precision 

medicine in oncologic heterogeneity, biomarkers and medical imaging. Chapter 2 is a 

literature review summaries about the statistical analysis methods and applications of 

the quantitative radiomic field including, radiomic workflow, opportunities, biological 
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foundation and understanding interpretation for common data analytics. Chapter 3 is a 

proposed framework to solve the common problems of feature redundancy, irrelevance 

and overfittings in conventional feature selection process. The main journal contents 

of thesis are distributed in Chapter 4 and Chapter 5 that present a published and an 

under review study on the radiomic basic biology, its application on predicting 

differential diagnosis of pathologic tissue and prognostic treatment response using 

machine learning methods. Finally, Chapter 6 will combine these research results with 

clinical experiences to discuss contributions and future works on prognostic medicine. 

The brief chapters were summarized as below. 

Chapter 1: Introduction 

Chapter 1 is describing a general introduction about cancer management, including 

its origin, process and challenges. Focus on its potentially great value on multi-sources 

of information, e.g. imaging, biomarkers and genomics, to achieve precision medicine 

of oncological diagnosis and treatment decision. 

Chapter 2: Radiomic Methodology and Applications 

Chapter 2 through summaries of current literature research describes the details of 

radiomics process, pitfalls, chances, analysis methods and its connections with other 

domain information. Analysis methods are mainly based on feature selection methods 

for classification, comparison and interpretation, then some of those methods will be 

adopted and optimized then form a reliable selection algorism in following chapters.  

Chapter 3: Integrative Clustering and Supervised Feature Selection for Clinical 

Applications 
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Chapter 3 proposes a framework based on unsupervised clustering method to guide 

supervised learning methods in the reduction of feature dimensions from large cohorts 

non-small cell lung cancer data for survival prediction to select most informative, 

representative and non-redundant feature set.  

Chapter 4: A Differential Diagnosis Ability of Radiomic Analysis on Detecting the 

Bone Marrow Involvement Patients of Suspected Relapsed Acute Leukemia  

Chapter 4 provides opportunities on how bone marrow biopsy for high incidence of 

leukemia patients can be superseded by incorporating unsupervised machine learning 

methods base on radiomics to evaluate the BMI. 

Chapter 5: A Prognostic ability of Radiomic Analysis on predicting Pathologic 

Complete Response of Breast Cancer to Neoadjuvant Chemotherapy 

Chapter 5 aimed at defining the neoadjuvant chemotherapy (NAC) postoperative 

pathologic outcomes by the radiomic original phenotype on machine learning methods. 

This study assessed whether radiomics can be a useful tool to adjuvantly predict the 

status of Pathologic Complete Response (pCR) in patients with locally advanced breast 

cancer. Here as well, the proportion of target variables were strictly controlled to 

conform to statistic needs.  

Chapter 6: Discussion and Future Works 

Chapter 6 concludes the MPhil thesis by tiding all radiomic research findings which 

have positive impacts on the advance of prognostic medicine and describes the further 

research of medical image analyses and applications.  
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Chapter 2. Radiomics Methodology 

and Applications 

2.1. Radiomics and Applications 

Radiomics is a novel field that automatically extracts numerous and underlying 

imaging characteristics from standard medical images by a high-throughput 

quantitative method to be applied on clinical decision support systems [40, 42]. 

Radiomics can be applied to any cancer-related imaging, because it contains a large 

number of potential information from medical images. Some medical images of 

requiring to delineate the Volume of Interest (VOI) include CT imaging, PET imaging 

and MRI imaging, and others molecular imaging need not delineation, such as 

pathological imaging, protein imaging and gene imaging. Such related cancer imaging 

can be explored using radiomics automatically and be repeatedly converted into high 

dimensional quantitative tumor intensity, shape and texture features [11, 43]. Then the 

optimal feature selection methods and machine learning models are required 

objectively characterize data to construct the predictive models of disease progression. 

Radiomics not only provide a quantitative way to understanding tumor phenotype but 

also discover the great potential for application to precision medicine. For example, 

radiomic features predict prognostic responses, distinguish diagnosed tissues or tumors, 

and can assess cancer genetic differences in many cancer types. 

Predict prognostic responses: Multiple studies have recorded and verified the 

prognostic value of radiomics at multiple clinical endpoints. Aerts et al. stated that 

radiomics can be an effective tool for predicting the response phenotype of patients 
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with NSCLC using gefitinib (an EGFR inhibitor) [44]. Grossmann et al. investigated 

and confirmed radiomics excellent predictive values based on 291 MRI patients with 

recurrent glioblastoma treated using bevacizumab [45]. The predictive value of 

radiomics for postoperative response has also been confirmed by many studies. The 

extraction of massive radiomic features from pre-treatment MRI or PET-CT images 

has shown the feasibility to predict pCR status of breast cancer patients after receiving 

NAC [46-48]. Braman et al. combined the structural ability of radiomic extracted from 

in the intratumoral and surrounding microenvironment to predict pCR, and the 

predicted performance was better than that of purely tumor features. the differential 

prediction based on breast cancer subtypes also reflects the potential applications of 

tumor heterogeneity [46]. Although several conventional features in PET images, such 

as SUVmax, SUVmean, and Metabolically active Tumor Volume (MTV), can reflect 

tumor metabolic behaviour and prognosis-related responses, the over simple Standard 

Uptake Value (SUV) measurements are not sufficient to reflect the distribution of 

heterogeneity [49-52]. While radiomics, as a unique tumor phenotype is driven by 

genetic and biological variation, was confirmed to be superior to traditional PET values 

in some studies to evaluate its prognostic ability. For example, radiomics predicts the 

Postoperative response of 20 patients with pre-treatment esophageal cancer after RT. 

The results show that the performance of the selected radiomic features fitted model is 

clearly superior to models constructed only using conventional PET features [53]. In 

addition, radiomic features can be utilized to assess tumor metastasis. Coroller et al. 

extracted 635 radiomic features from CT images of 182 lung adenocarcinoma patients 

to identify 35 important features that can predict distant metastases, especially 

effective for early treatment of patients [54]. 
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Distinguish diagnosed tissues or tumors: Radiomics is very helpful in distinguishing 

cancer staging. The utility of radiomic features extracted from MRI, pathologic 

imaging or other medical imaging can be as a multi-parameter effective prediction of 

glioma stage [55, 56]. In a study for bladder cancer staging prediction, the texture 

features extracted from MRI based on Diffusion-Weighted Image (DWI) and Apparent 

Diffusion Coefficient (ADC) can well reflect the difference between early and late-

stage bladder cancer; the GLCM features calculated from the ADC are strongly 

correlated especially with the bladder cancer stage [57]. The use of radiomics to 

distinguish tumor stages can avoid the risk of invasive surgery and enact accurate 

individualized treatment for patients. 

Tumor tissues in many diseases can also be identified by radiomics. The extracted 

Gray Level Co-occurrence Matrix (GLCM) texture information from T1 and T2-

weighted MRI images can distinguish between brain tumors, edema, necrosis and 

other tissues [58-60]; In particular, the GLCM features in Three-Dimensional (3D) 

images are significantly better than Two-Dimensional (2D) [61]. Effectively 

distinguishing between benign and malignant lesions of the tumor is also one of the 

capabilities of radiomics. Based on PET-CT texture information diagnoses, the uptake 

of malignant tumors is more uneven than that of benign tumors [62]. More importantly, 

the radiomic features (intensity, shape, and texture) predict benign and malignant 

tumors more accurately than visual analysis by several experienced radiologists [63]. 

Assess cancer genetic differences: Many studies have shown that imaging features 

are the expression of tumor genetics and biology, hence because of this causal 

relationship there are also close connections between them [40]. The linkage between 

MRI imaging features and three genes (MmmaPrint, Oncotype DX, and PAM50) was 

validated in a study for predicting breast cancer recurrence. The experimental results 
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indicated that the phenotype of effective diameter has strong correlations with those 

three genes [64]. In MRI and 3D ultrasound fusion images of prostate cancer, 

Stoyanova et al. found strong correlations among radiomic features with the genes for 

immunity, metabolism, and biological adhesion [65]. To this end, various biological 

mechanisms can be described by different radiomic features. 

What the previously mentioned studies have in common is that they discover the 

connection of quantitative radiomic features with clinical biological information to 

construct predictive models. The core of radiomics is providing potentially up-to-date 

tumor phenotypic data and then complementing it with existing clinical and molecular 

data, such as patient history, tissue biopsy and gene test, to support the clinical decision 

system [43]. 

Compared to traditional clinical methods, radiomics has four main advantages that 

may complement the challenges and shortcomings mentioned in Chapter 1. First of all, 

radiomics is a low-risk and non-invasive way to detect disease and avoid unnecessary 

invasive treatments. Secondly, radiomics is a repeatable and objective measurement 

approach that can be used to assist professional diagnosis by different feature 

extraction algorithms. Thirdly, radiomics is a comprehensive and quantitative 

measurement method that may overcome the obstacle of tumors’ heterogeneity as it 

considers the feature differences across the whole region. Finally, radiomics is not 

essentially creating new data, but rather the translation and interpretation of existing 

and untapped data for its biological foundation. 
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2.2. Radiomics Procedure 

The process of radiomics can be categorized in five steps as follows: image acquisition, 

image segmentation, feature extraction, feature selection and integrated analysis. 

 

Figure 2-1. The process of radiomics. The First step is the acquisition of radiographic imaging 

modalities from medical images, such as PET, CT and MRI. Then using segmentation 

algorisms, we delineate the region of interest in 3D. On the basis of the VOI masks we 

quantitatively extract radiomic features from images automatically. Next, adopting suitable 

feature selection methods we select most representative features from different modalities. 

Finally, we integrate multiple sources of data further analyze and explain radiomic biological 

foundation. 

2.3. Image Acquisition 

In conventional clinical image acquisition, differences in various imaging parameters, 

such as pixel size, matrix size, slice thickness, tumor position, and reconstruction 

algorithms, need to be considered. When meaningful data is extracted digitally to 

analyze the image phenotypes, discrepancies in these imaging parameters may lead to 

some changes that are not due to potential biological effects [43]. It is therefore 

necessary to use standardized imaging protocols to eliminate the variability of 

unnecessary confounding factors [44]. 

2.4. Segmentation 

How to accurately segment the VOI is a vital step in radiomic analysis. Experts can 

flexibly and reproducibly delineate different anatomical regions in various imaging by 
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manual segmentation, but this process is very time-consuming and labor-consuming, 

and not suitable for radiomic analysis of huge dataset. Hence, many automatic and 

semi-automatic segmentation algorithms are proposed as much as possible to reduce 

the operator interaction of the segmentation process, improve time efficiency, and 

determine the exact boundaries [66]. 

2.4.1. Image Segmentation Fundamentals 

Segmentation algorithms divide the image according to features such as grayscale, 

color, texture, and shape, making the inter-regions distinct and the intra-regions are 

similar. The main six main categories for segmentation methods: 1) threshold-based 

segmentation [67]; 2) edge-based segmentation [68]; 3) region-based segmentation 

[69]; 4) graph theory-based segmentation [70, 71]; 5) energy functional-based 

segmentation [72, 73]; 6) neural network-based segmentation [74, 75]. 

Threshold-based segmentation method calculates one or more grayscale thresholds 

based on the grayscale values of the image and solves the optimal grayscale threshold 

according to a certain criterion function. However, this type of method has poor 

connectivity to the target area and is susceptible to noise [67]. Edge-based 

segmentation is edge detection based on greyscale. The reflection of the local feature 

discontinuity of the image reflects the mutation of image characteristics such as 

grayscale, color, and texture. This method can suppress noise interference but the 

accuracy of positioning edge is not high, especially for images with uniform gray-scale 

changes [76]. Region-based segmentation is an important reference for the similarity 

between adjacent pixels, so that pixel points that are close in spatial position and have 

similar gray values are connected to each other to form a closed contour. However, 

although such algorithms are highly efficient, they are highly susceptible to noise and 
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create unavailable areas. Graph-based segmentation removes a particular edge and 

divides the graph into several subgraphs to achieve segmentation. Commonly used 

methods are GraphCut, GrabCut and Random Walk. Such methods may result in edge 

penalty due to lack of color distinction and insufficient contrast at the edges [77, 78]. 

The energy functional-based segmentation method uses a continuous curve to 

represent the target edge and defines an energy function such that its curve forms the 

contour of the target. A commonly used method is parametric active contour model 

(snake) [79]. This algorithm requires significant human input, so it takes longer to 

calculate time [66]. Neural network-based segmentation is to train a multi-layer 

perceptron to obtain a linear decision function, and then utilize the decision function 

to distinguish the pixels to achieve the goal of segmentation [74, 75]. Although this 

method is very efficient, it requires a lot of data, constructing the model is very slow 

and complex, and the segmentation accuracy is strongly related to the amount of data. 

In addition, for some specific tumor locations, such as the pleural wall or mediastinum, 

the segmentation performance is poor [66]. 

There is no universal segmentation algorithm that can be applied to all medical images. 

The setting of the parameters, the choice of the segmentation algorithm, the imaging 

method of the region of interest, etc., the results of the segmentation will be completely 

different. Therefore, it is necessary to evaluate the performance of the segmentation 

algorithm. 

2.4.2.Segmentation Evaluation 

Evaluating the accuracy, usability, and consistency of the segmentation method is to 

compare the segmentation results with the results of professional manual delineation 

as a Ground Truth (GT). The evaluation methods can be divided into spatial overlap-



 

35  

based and shape-based dissimilarity.  Spatial overlap-based methods are Dice’s 

Similarity Coefficient (DSC) and Jaccard index.  

DSC is computed the spatial overlap ratio between the segmented VOI and GT as 

      𝐷𝑆𝐶(𝑉1, 𝑉2) =
2|𝑉1 ⋂ 𝑉2|

|𝑉1|+|𝑉2|
                                   (2.1) 

where 𝑉1  means the volume for using the segmentation algorithm,  𝑉2  is manual 

delineation volume. The closer the DSC value is to 1, the more accurate the 

segmentation algorithm. 

There is a certain relationship between Jaccard index and DSC, which is JAC = DSC 

(2 − DSC). 

    𝐽𝐴𝐶(𝑉1, 𝑉2) =
|𝑉1 ⋂ 𝑉2|

|𝑉1 ⋃ 𝑉2|
                  (2.2) 

The larger the JAC coefficient value means the higher the sample similarity. 

Shape-based dissimilarity method is Hausdorff Distance (HD) defined as 

                             𝐻𝐷(𝑉1, 𝑉2) = 𝑚𝑎𝑥 {𝑠𝑢𝑝
𝑖∈𝑠1

𝑖𝑛𝑓
𝑗∈𝑠2

𝑑(𝑖, 𝑗), 𝑠𝑢𝑝
𝑖∈𝑠2

𝑖𝑛𝑓
𝑗∈𝑠1

𝑑(𝑖, 𝑗) }                 (2.3) 

where 𝑠1  and 𝑠2  indicate the boundaries of segmentation volume and manual 

delineation volume. s𝑢𝑝 means the largest subset element and i𝑛𝑓 the smallest subset 

element.  𝑑  is the Euclidean distance from 𝑖  to 𝑗 . A high HD value indicates low 

accuracy for segmentation. 

2.5. Feature Extraction 

Once the defined segmented images have been determined, various imaging features 

can be prepared to be extraction. In extraction, it is necessary to discretize or quantify 

the intensity of the ROI to suppress the noise and conveniently calculate the texture 

features. There are two commonly used discretization methods as below:  
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Fixed bin number 

                        𝑋𝑑,𝑘 = {
⌊𝑁𝑏

𝑥𝑔𝑙,𝑘−𝑚𝑖𝑛(𝑥𝑔𝑙)

𝑚𝑎𝑥(𝑥𝑔𝑙)−𝑚𝑖𝑛(𝑥𝑔𝑙)
⌋ + 1

𝑁𝑏 
   

𝑋𝑔𝑙,𝑘 < 𝑋𝑔𝑙,𝑘,𝑚𝑎𝑥

𝑋𝑔𝑙,𝑘 = 𝑋𝑔𝑙,𝑘,𝑚𝑎𝑥

                    (2.4) 

Fixed bin size 

    𝑋𝑑,𝑘 = ⌊
𝑥𝑔𝑙,𝑘−𝑚𝑖𝑛(𝑥𝑔𝑙)

𝑊𝑏
⌋ + 1                      (2.5) 

where 𝑥𝑔𝑙,𝑘  and 𝑋𝑑,𝑘  is the discretised grey-level intensity before and after, 

respectively. 𝑚𝑖𝑛(𝑥𝑔𝑙)  and 𝑚𝑎𝑥(𝑥𝑔𝑙)  is respectively the maximum and minimum 

discretized gray-level intensity. 𝑁𝑏 is bin number and 𝑊𝑏 is bin width.  

After re-segmentation and discretization of imaging intensity, the radiomic features 

can be extracted and broadly classified into first-order statistics, shape features, texture 

information and the features extracted by using different filters features [40]. 

2.5.1. First-order Statistics 

The first-order statistical feature, also called Intensity, is the distribution of voxel 

intensities within the Region of Interest (ROI) by various basic features, such as the 

maximum, minimum, mean, range, kurtosis and skewness of gray level intensity. The 

homogeneity of the ROI can also be reflected from changes in some intensity features. 

For example, the uniformity is measuring the sum of squares for each gray value. A 

larger value means a stronger homogeneity or a smaller range of discrete intensity 

value [80]. The function is defined as below: 

 

      𝑈𝑛𝑖𝑓𝑜𝑟𝑚𝑖𝑡𝑦 =  ∑ 𝑝(𝑖)2𝑁𝑔

𝑖=1
                         (2.6) 

where 𝑁𝑔 is the number of discretized grey level intensity in the imaging mask of VOI. 𝑝(𝑖) 

is the normalized intensity histogram. 



 

37  

 

2.5.2. Shape Features 

The shape feature is based on the edge, angle, ridge, etc. of the ROI to calculate the 

extracted 2D or 3D geometric features on the non-derivatized image [80]. The 

calculation of the surface area, compactness, spherical ratio, etc. of the tumor area can 

reflect the burr, volume and density of the tumor. For example, the value for 

compactness be related to tumor density, a higher value implies the greater density of 

ROI, the value is calculated as: 

    𝐶𝑜𝑚𝑝𝑎𝑐𝑡𝑛𝑒𝑠𝑠 =
𝑉

√𝜋𝐴3
             (2.7) 

where V is the volume of ROI and A is the surface of ROI. 

2.5.3. Texture Features 

The texture feature, also called the second-order statistical feature, is a statistic for 

correlation property of the gray space in the ROI. Commonly used matrices include 

GLCM, Gray Level Size Zone Matrix (GLSZM), Gray Level Run Length Matrix 

(GLRLM). Neighbouring Gray Tone Difference Matrix (NGTDM) and Grey Level 

Distance Zone Matrix (GLDZM) (equal with Gray Level Dependence Matrix (GLDM)) 

[80, 81]. These kinds of matrices are methods for describing spatial pixel differences 

by studying the spatial correlation properties of gray scales and thus are the most 

capable of expressing the inhibition between different parts of the tumor. For example, 

when the GLCM cluster prominence value is large, the symmetry of the image after 

decomposing the original image at low frequency can be described. When it is small, 

it can detect the difference of the region where the gradation value does not change 

obviously, such as a tumor with unclear boundaries [82]. The function as: 
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  𝐶𝑙𝑢𝑠𝑡𝑒𝑟 𝑝𝑟𝑜𝑚𝑖𝑛𝑒𝑛𝑐𝑒 =  ∑ ∑ (𝑖 + 𝑗 − 𝑢𝑥 − 𝑢𝑦)
4

𝑝(𝑖, 𝑗)
𝑁𝑔

𝑗=1

𝑁𝑔

𝑖=1
           (2.8) 

where 𝑁𝑔 is the number of discretized grey level intensities in the imaging mask of VOI. 𝑢𝑥 

and 𝑢𝑦 be the average intensity of 𝑝𝑥 and 𝑝𝑦. 𝑝(𝑖, 𝑗) is the normalized co-occurrence 

matrix. 

2.5.4. Other filters features 

Different filters are used to pre-process the image to extract more radiomic features 

that may reflect more valuable information than the original features. These filters 

include wavelet and Laplacian of Gaussian (LoG) filters, and some simple filters such 

as square, square root, logarithmic and exponential filters [81]. LoG transformation 

describing metrics, capturing texture features at different coarse levels, especially for 

areas with unclear boundaries have exceptional performance. Wavelets reveals more 

valuable subtle characteristics on the basis of the original features by eight different 

degradation domains. 

2.6. Feature selection  

From the extracted massive high-dimensional feature set, not all features should be 

preserved. There are a large number of irrelevant features and redundant features. In 

the process of dimensionality reduction, there is often the possibility of losing 

important features. To this end, it is necessary to consider not only the correlation of 

features in a single data category but also the relevance of features between different 

data sets. Methodologies to reduce the computation time, improve the prediction 

performance and select most representative, stable, repeatable pattern is the purpose 

of feature selection [83-85]. 
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Generally, feature selection can be summed up into four categories: filter method, 

wrapper method, embedded method and other selection method. Methods that to 

eliminate redundant and irrelevant features rely primarily on filter and wrappers.  

2.6.1. Filter Method 

The filter method is to discard the lower-ranked features by pre-processing the ranking 

features. The criterion of the filter method is to sort the variables according to certain 

rules. The rules may be based on correlation or mutual information between variables，

And determine appropriate threshold criteria to retain variables above the threshold. 

Hence， filter methods could suppress the least interesting variables. Since filter 

methods only consider general proxy metrics rather than complex error rates for 

evaluating features, it is particularly effective in computation time and robust to 

overfitting (Figure 2-2) [86]. Common filter methods are Mutual Information (MI), 

Correlation matrix, Relief (RELF) and Significance tests for multivariable data.  

 

Figure 2-2. Filter method for feature selection 

Correlation methods as threshold criteria play an important role in determining 

independent features, and correlation coefficients can be used to determine which 

features and target variables are irrelevant. The common types of correlation 

coefficients are Pearson, Spearman and Intra-class.  

Pearson correlation [87] is an assessment for linear correlation between two variables. 

The calculated method as below: 

   𝑅𝑝𝑒𝑎𝑟𝑠𝑜𝑛 =
∑ (𝑥𝑖−𝑥̅)(𝑦𝑖−𝑦̅)𝑛

𝑖=1

√∑ (𝑥𝑖−𝑥̅)2𝑛
𝑖=1 √∑ (𝑦𝑖−𝑦̅)2𝑛

𝑖=1

              (2.9) 
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Where 𝑛 is the size of sample, 𝑥̅ and 𝑦̅ is the mean of variable X, Y, 𝑥𝑖 and 𝑦𝑖 are the 

individual points for X, Y, the range of 𝑅𝑝𝑒𝑎𝑟𝑠𝑜𝑛 from -1 to 1. Where the further the 

value is away from 0, the more independent the two variables are. 

Spearman correlation [87] is a rank variable from Pearson correlation measuring the 

monotonic relationship between variables. The function was obtained as: 

    𝑅𝑠𝑝𝑒𝑎𝑟𝑚𝑎𝑛 = 1 −
6 ∑ 𝑑𝑖

𝑛
𝑖=1

𝑛(𝑛2−1)
             (2.10) 

where 𝑑𝑖 is the difference for the ranks of variable X and Y, 𝑛 represents the number 

of observations. 

Intra-Class Correlation (ICC) [88] describes the degree of similarity of units in the 

same group. The function is as follows: 

   𝑅𝑖𝑛𝑡𝑟𝑎𝑐𝑙𝑎𝑠𝑠 =  
𝐾

𝐾−1
∙

𝑁−1 ∑ (𝑥̅𝑛−𝑥̅)2𝑁
𝑛=1

𝑠2 −
1

𝐾−1
            (2.11) 

where 𝐾 is the number of variable values in each group, and 𝑁 is the number of paired 

data values, 𝑥̅𝑛 is the mean of sample in a specific group. 

Another threshold criterion is a MI sorting criterion based on the measure of 

dependencies between variables [89]. The MI between the two discrete variables is 

given by: 

  𝐼(𝑋; 𝑌) = ∑ ∑ 𝑝(𝑋, 𝑌)(𝑥, 𝑦)log (
𝑝(𝑋,𝑌)(𝑥,𝑦)

𝑝𝑋(𝑥)𝑝𝑌(𝑦)
)  𝑦𝜖𝑌𝑥𝜖𝑋             (2.12) 

where 𝑝(𝑋, 𝑌)  is a joint probability density function for two variables. 𝑝𝑋 , 𝑝𝑌  are 

respectively the marginal probability mass function for 𝑋, 𝑌 . If the variables are 

continuous, the MI can be obtained by integral replacement summation. 

The filter methods need to modify its own data structure to match the appropriate 

learning algorithm. Since the important features themselves have less information and 

are easily discarded when combined with other modal features [83, 90], it is necessary 

to rely on classifiers (wrapper method) to obtain a feature subset. 
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2.6.2. Wrapper Method  

The reference standard for feature selection in the wrapper method is mainly based on 

the predictive results. According to the multiple evaluations of the internal algorithm, 

find the subset with the highest prediction performance. It uses a predictive model to 

score feature subsets. Each new subset is used to train an independent model, which is 

tested on a hold-out set and then using the error rate of each model to evaluate subsets 

(Figure 2-3). Wrapper methods need consider the possible interactions between each 

variable and construct probable feature space. Hence it can be computationally 

expensive and lead to the overfitting risks to the model.  

The wrapper method can be broadly classified into sequential selection algorithms and 

heuristic search algorithms [85].  

 

Figure 2-3. Wrapper method for feature selection 

The frequently used sequential selection algorithms are Sequential Backward 

Selection (SBS) and Sequential Feature Selection (SFS). Common heuristic search 

algorithms are Bayesian (BY), Random Forest (RF) and Support Vector Machines 

(SVM). We choose a representative method from each type of method to explain the 

principle.  

SFS starts with the feature set being empty, and iteratively selects features with the 

best univariate prediction score under some objective function. It then adds the 

remaining features one by one to the current subset and selects the feature with the best 
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classification effect as a new subset. This process is repeated several times and the best 

feature set can be selected (Figure 2-4). Although the prediction effect of this method 

is better, the selected feature set may have redundancy problems [91]. 

 

Figure 2-4. The SFS for wrapper method 

RF [92] as a heuristic classifier  is essentially composed of multiple decision trees. Its 

decision category is determined by the output mode vote of the subset trees. The 

original datasets can be randomly separated into a training set and test set by a pre-set 

ratio. Then the pre-set training set will be replaced by random bootstrap multiple times 

as the new training sets of decision tree. Then using the extracted cases as predictions 

evaluate the error values. Different training set will be observed separately for binary 

decisions and then discover the best split method. The final prediction comes from the 

vote of all of the decision trees (Figure 2-5). The main advantages of RF are: 1) rapidly 

distributed processing of high-dimensional data; 2) providing internal importance for 

interpretation; 3) strong model generalization; 4) balance error capability on 

unbalanced data set. Therefore, the discriminative ability for RF is often superior to 

other machine learning methods, especially when applied to high-dimensional albeit 

small data sets [93]. 
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Figure 2-5. The decision process of RF model 

As the sample size increases, the number of calculations of the model of the wrapper 

method also increases exponentially. In addition, the model with poor generalization 

ability also has the problem of feature redundancy [94]. Therefore, the filter method is 

often used as a pre-processing of wrapper method to overcome the shortcomings of 

the other model methods [95]. This is also the main philosophy of the embedded model. 

2.6.3. Embedded Method 

The main aim of the embedded method is the reduction of the calculation time it takes 

to classify unnecessary feature sets in wrapper methods and to avoid feature 

redundancy [96, 97]. Variable selection as part of the training process in embedded 

method, this can be seen as a combination of a filter and wrapper (Figure 2-6). One of 

the most well-known embedded methods is Least Absolute Shrinkage and Selection 

(LASSO). 
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Figure 2-6. Embedded method for feature selection 

 
LASSO [98] is a compression estimation that refines the model by constructing a 

penalty function and compresses mandatorily specific regression coefficients within a 

certain region and then selects a variable with a coefficient of zero. This improves the 

prediction and interpretability of the regression model. Mathematically, it has very 

simple and elegant expression as follows： 

       𝛽̂𝑙𝑎𝑠𝑠𝑜 = 𝑎𝑟𝑔 𝑚𝑖𝑛
𝛽

∑ (𝑦𝑖 − 𝛽0 − ∑ 𝑥𝑖𝑗𝛽𝑗
𝑝
𝑗=𝑖 )𝑁

𝑖=1

2
 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜  ∑ |𝛽𝑗|𝑝

𝑗=1 ≤ 𝑡    (2.13) 

Where 𝑥𝑖𝑗  is the 𝑖𝑡ℎ  row and the 𝑗𝑡ℎ  column of the covariate matrix 𝑋.  𝑥𝑖𝜖𝑅𝑑  is d 

dimensional vector. 𝛽𝜖𝑅𝑑, 𝛽0𝜖𝑅  are required optimized parameters. 𝑦𝑖𝜖𝑅  is the 

outcome. 𝑡  is a predetermined free parameter used to assess the degree of 

regularization. The smaller the t value, the stronger the compression of the estimated 

parameters and the better the selection effect. 

2.6.4. Other Selection Methods 

The above three types of methods are all supervised learning feature selection 

techniques. In some applications, some unsupervised learning methods assist feature 

selection to improve the reliability and fairness of the selection methods assisted 

feature selection [99]. Clustering algorithm is one of the main unsupervised learning 

methods. It groups the data by some hidden structure of unmarked data, and divides 
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these samples into several disjoint subsets. There are many clustering algorithms, such 

as k-mean, hierarchical and spectral clustering. These methods can be density-based, 

partition-based, grid-based or model-based. The different clustering methods have 

different grouping effectiveness, so the method of consensus clustering is needed. 

Consensus clustering refers to repeatedly voting clusters on existing data sets that 

classify high-dimensional feature sets into highly correlated classes, and finally 

finding the most stable and reliable clustering set [100]. Define the consensus 

clustering 𝐶∗ as: 

    𝐶∗ =  𝑎𝑟𝑔 𝑚𝑖𝑛
𝐶

∑ 𝑑(𝐶, 𝐶𝑖)
𝑛
𝑖=1              (2.14) 

where 𝐶1, 𝐶2, … , 𝐶𝑖 are each clustering results, 𝑑 is the distance measure to control the 

median partition problem. 

The principle to automatically compute the number of clusters is based on the 

consensus cumulative function (CDF) and a specific clustering algorithm [101]. The 

criterion for the optimal number of clusters is decided by the Proportion of Ambiguous 

Clustering (PAC), defined as measure that the maximum value of the ratio of the area 

difference between the CDF curve and the horizontal axis of three consecutive clusters 

(Figure 2-7). 

 

Figure 2-7. The Proportion of ambiguous clustering 
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The selection criteria for clustering method is similar to the filter method as both 

consider the correlation between variables. Therefore, the clustering method is also 

often used as a pre-processing method for other feature selection methods to quickly 

determine the redundant features. 

2.7. Integrated Analysis 

After extracting and selecting representative quantitative features, a crucial step is to 

establish and analyze predictive models to find the link between radiomics and its 

underlying biological information. Such models can be divided into two categories for 

different clinical purposes. One type is the prediction model for classification. The 

output variables of the model are discrete variables. These models can be used to 

predict tumors staging, tissue identification and treatment plan, etc. the other type is 

the regression prediction model. The output variables of such models are usually 

continuous variables. It is often used to predict the clinical endpoints of patients. 

However, many of the current machine learning model frameworks are black-box 

models, and the internal specific calculation prediction criteria are not clear, which 

makes the clinical trustworthiness of the model greatly reduced. To this end, a trusted 

machine learning training and analysis framework is urgent. 

For the classification prediction, the model is interpreted using the Local Interpretable 

Model-agnostic Explanations (LIME) algorithm, which can show the details of the 

patient predictions and calculate the contribution of different image features [102]. For 

the patient's survival prediction, the nomogram is included in the survival analysis 

system, which can score and visualize the importance of different features, greatly 

enhancing the interpretability and trust of survival analysis [103]. In addition, 

correlation analysis can be used to mine the connection between radiomics and clinical 
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biological information. After the model training is completed, the model needs to be 

verified to prevent overfitting. Commonly used verification forms are cross-validation 

and external validation [104, 105]. In the result analysis, the discriminability of the 

selected radiomic features was evaluated using several parameters, which comes from 

a confusion matrix for a comprehensive assessment of feature effects [106]. Hence, 

the goal is to propose a comprehensive analysis framework that integrates radiomic 

imaging, molecular assays and clinical information to accurately support biological 

therapy. 
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Chapter 3. Integrative Clustering 

and Supervised Feature Selection for 

Clinical Applications 

Widely used biomedical data offers new chances to discover knowledge for quality 

healthcare. However, how optimal selection of the most informative, representative 

and non-redundant features from the complicated datasets need to be better explored. 

To address this challenge, in this chapter we propose a framework for reducing the 

feature dimension based on unsupervised learning to guide supervised learning. This 

is a feasible method to use the clustering method as a pre-processing procedure for the 

other three types of feature selection methods (filter, wrapper, embedded), which can 

maximize the elimination of redundant features and the most effective dimension 

reduction. Here we performed survival predictions on pre-treatment data for non-small 

cell lung cancer, using two typical wrapper methods for survival analysis for 

comparison. Identify suitable selection criteria to ensure that important variables are 

not lost (as determined by specific data and score changes). 

This chapter is organized into four sections: in 3.1 section, the description for solving 

feature selection challenges. In 3.2 section, we introduce two wrapper methods 

(univariate Cox and univariate Random Survival Forest, referred as uni-cox and uni-

rsf) explanation in the part of informative feature identification. In 3.3 section is 

representative feature identification that a novel consensus clustering method 

combined with informative feature identification to select the representative feature 
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set. In 3.4 section is adopting pairwise correlation analysis to reduce redundancy. In 

3.5 and 3.6 section are the experiment results and discussion for each selection part. 

3.1. Research Motivation 

With big data rapidly development, a large variety of valuable digital data are widely 

used in the areas of trade, energy, media [107], and in biomedical applications [108].  

A mature machine learning model can be successfully used to improve the 

performance of diagnosis, prognosis and prediction in clinical medicine. However, 

there are often facing many problems of feature redundancy, feature irrelevance and 

noisy information. How to select the features that are highly informative (relevant to 

the output), non-redundant (not correlated with other features) and representative 

(efficiently representing the original data) [83] is critically vital for improving 

performance of machine learning models [109, 110]. To address these embarrassments 

, in this chapter, we propose an integrative unsupervised learning (consensus clustering) 

and supervised learning feature selection framework. In this framework, the outcome-

driven of supervised parts aims to keep the most informative features, while the data-

driven of unsupervised clustering part supplemented the supervised method with 

automatically grouping information based on hidden data structure correlation. By 

integrating both information from the supervised and unsupervised method, our 

method could select the optimal feature set, where features are highly relevant to the 

outcome and independent from each other. 
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Figure 3-1. The workflow of the proposed framework 

3.2. Informative Feature Identification 

Informative features refer to the features with the excellent ability to predict the clinical 

outcome, i.e. predict time-to-event survival label. To identify and sort features, 

supervised feature selection approaches can be utilized due to its outstanding 

performance to find the feature relevance to the output. In this chapter, we adopt uni-

cox [111] as our supervised feature selection approach, a classical wrapper classifier 

specialized for time-to-event prediction. The rank feature criteria of in Cox could have 

three ways including, P-value, hazard ratio value and C-index. We have already 

compared more detailed experiments for these three and decided P-value as rank 

criteria from each Cox model (CPH) to evaluate features statistical significance with a 
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score test. The uni-rsf selection [112] method as a comparison to identify informative 

features based on the classical machine learning model RF. Although RF has the fame 

of high performance, the selection method often suffers overfitting problem and lack 

the capability of generalization.  

The CPH model is one of the most general regression models as it does not base on 

any hypothesis of behind survival distribution. The CPH utilizes hazard function as a 

response, which can be shown as: 

    ℎ(𝑡, 𝑥) =  ℎ0(𝑡)𝑒𝑥𝑝 (𝛽′𝑥)                 (3.1) 

where h0 means an arbitrary baseline hazard and 𝛽 = (𝛽1, … , 𝛽𝑝)′ is an array of 

unknown regression coefficients. As ℎ0 is independent of covariates, the regression 

coefficients 𝛽 can be gained by maximizing the partial log-likelihood as: 

    𝐿(𝛽) =  ∏
𝑒𝑥𝑝 (𝛽′𝑥𝑖)

∑ 𝑒𝑥𝑝 (𝛽′𝑥𝑙)𝑙∈𝑅(𝑡𝑖)

𝑘
𝑖=1               (3.2) 

where 𝑘 denotes distinct ordered survival times while 𝑥𝑖 denotes the covariate value 

with distinct ordered survival times. 

In our method, we applied univariate CPH model on univariate features to sort the 

importance for each feature. The importance value is P-values gained by Wald test, 

describing the features statistical significance. The univariate Random Survival Forest 

(RSF) model uses Bootstrap sampling to split nodes and recursively generate a total 

classifier as a CPH comparison method. Then, informative feature rank ascendingly 

by sorting the P-values for CPH and feature importance for RSF, where features with 

low P-values and high importance are selected as informative features. 
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3.3. Representative Feature Identification 

Representative features are defined with the capability to describe its hidden structure 

grouping and predict the label, as well as with low redundancy. Unsupervised 

clustering is used to reveal dataset hidden structure based on inherent feature 

information without labels. The clustering method votes the whole feature space into 

several highly correlated feature clusters and gives each feature with a fixed number. 

Then, the representative features can be preserved from each cluster according to the 

informative feature rank gained by supervised feature selection. Hence, we 

significantly reduce the intra-cluster redundancy in this part. 

Consensus clustering [101] is adopted in our framework as it can automatically decide 

the number of clusters within the PAC algorithm and utilize multiple times resampling 

to ensure a stable, robust and scalable clustering result. This clustering approach 

ascertains the final clusters utilizing the consensus across multiple runs of one specific 

clustering method, similar to ensemble learning in supervised learning. To adapt the 

consensus clustering algorithm, the data need pre-processing, such as feature omitting 

and standardization. Subsequently, the number of clusters can be acquired with the 

criteria which give the highest median cluster consensus on all clusters. Cluster 

consensus is described as the average consensus between all pairs of features from a 

single cluster. 

3.4. Redundancy Reduction 

Redundant reduction refers to as fewer feature sets as possible with minimum internal 

correlation within the subset. Although redundant features have been dramatically 

reduced by highly correlated feature clusters in representatives feature selection part, 
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there still persists highly correlation among feature representatives for inter-cluster. 

Therefore, we further utilized pairwise correlation analysis to avoid redundancy. 

The pairwise correlation analysis evaluates the redundancy by building a Pearson 

Correlation Matrix (PCM) for each pair of features in the representative subsets. 

Pearson correlation is a strict linear correlation measurement, specific calculated 

correlation function in formula 2.9 before we mentioned.  

Because of the symmetrical matrix structure of Pearson correlation for every two 

variables,  

The PCM can purely compute the symmetrical upper or downer triangle from the 

matrix. We remove the redundancy following below criteria: 1) Determine the feature 

pairs with correlation coefficients larger than a threshold (the value depends on the 

dataset structure and label differences). 2) Keeping the one with larger feature 

informativeness (smaller P-value) in each pair. 

3.5. Evaluation Methods 

The proposed feature selection approach was assessed with feature significance and 

redundancy. The feature significance was evaluated by feeding the selected features 

into the Cox survival model and assessing its performance by Concordance index (C-

index). C-index is a professional measure for assessing survival model efficiency, the 

generalization of the Area Under the Curve (AUC) for continuous survival data. The 

range of C-index is from 0 to 1 where 1 means the best accuracy, vice versa. In this 

research, apparent C-index and cross-validated C-index are both computed. The 

former was training and testing features capabilities on the same data while the latter 

is training and validating features on random resampled data with bootstrapping 

strategy to overcome the overfitting risks [113]. 
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The feature redundancy is evaluated with the average correlation coefficients, defined 

as the mean coefficients in upper or downer PCM: 

     𝐶𝑀 =  
1

𝑁
∑ 𝑟𝑁

1                (3.3) 

where r means the Pearson correlation computed from formula 2.9 and N is the count 

of feature pairs in the simplified PCM. 

3.6. Experimental Results 

3.6.1. Data Description 

We assessed the proposed feature selection framework on two distinctive dimensional 

datasets. The first one is a complicated CT image feature dataset while the other one 

is a lower-dimensional clinical tabular dataset. 

 The CT image features come from 97 NSCLC late-stage patients including 1045 

radiomic features extracted from pretreatment CT images, including 13 

morphological features, 18 first-order features, 68 textural features, 258 LoG 

features and 688 wavelet features [40]. Because of its high-dimensional data 

structure, the feature selection will be more difficult as it requires higher time 

complexity and space complexity.  

 The clinical tabular dataset includes 14 demographic and 20 immune features. The 

dataset has pre-processed with missing value handling because the amount 

number of none values list in the dataset. If the data missed over 40% of the total 

data, the whole columns will be discarded. 

3.6.2. Assessment of Selected Representative Features 

The first experiment was used to evaluate the feature significance and redundancy of 

preserved representative features. These features were gained by keeping different 
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number of informative features from each cluster. Next, we compared the C-index of 

each feature set with that chosen with state-of-the-art survival prediction methods 

when feature number was same. Figure 3-2 compares the discriminative ability of 

selected representative sets and features selected with state-of-the-art methods. The 

graph shows the highest performance is achieved with the feature sets selected by our 

proposed method, achieving 0.64. When the selected number of features increase too 

large, the further inter-cluster redundancy reduction is needed. 

 

Figure 3-2. Feature significance of representative features 

Figure 3-3 illustrates the feature redundancy of selected feature sets with average 

correlation coefficients. The result indicates that persevered representative feature sets 

have overall lower internal correlation compared with feature subsets selected by other 

two methods, averagely lower than 0.4. 
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Figure 3-3. Feature redundancy of representative features 

 

3.6.3. Assessment of Non-Redundant Representative 

Features 

The second experiment was utilized to assess the feature significance and redundancy 

of kept non-redundant representative feature sets after redundancy further reduced. 

The non-redundant representative feature set can be gained by further reducing inter-

cluster redundancy. The coefficient threshold to select high correlated features was set 

as 0.5. Figure 3-4 compares the performance and feature number of selected subset 

before and after inter-cluster redundancy reduction when different numbers of features 

are selected. The result represents the sets of redundancy reduction have a smaller 

number of features but even larger discriminative ability. Furthermore, the 

performance of selected non-redundant representative features has gradually better 

stability no matter how many features selected from a cluster. 
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Figure 3-4. Feature significance of non-redundant representative features 

 

Figure 3-5 compares the average correlation coefficients and feature number of 

selected subset before and after redundant reduction. The result illustrates inter-cluster 

redundancy reduced sets have dramatically less redundancy and feature number. To 

conclude, the final result by our proposed framework selected four non-redundant 

representative features achieving 0.673 while the kept four selected features are 

completely independent. 

 

Figure 3-5. Feature redundancy of non-redundant representative features 
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3.6.4. Assessment of Proposed Method on Data with 

Different Dimension 

The third experiment was designed to verify that our framework worked well on both 

CT image feature set and clinical dataset. The result in Figure 3-6 shows that proposed 

approach obtained superior results when compared with RSF and Cox selection on the 

two datasets, reaching 0.685 and 0.673 respectively for two datasets. Moreover, the 

experiment result also illustrates the proposed framework has a greater advantage on 

the complicated imaging feature datasets. 

 

Figure 3-6. Assessment of the whole framework on different datasets 

3.6.5. Assessment of Overfitting 

The last experiment was intended to show that further inter-cluster redundancy 

reduction successfully avoided the overfitting risk. We compared the apparent C-index 

and validated C-index of the representative feature subsets before and after further 

redundancy reduction, as illustrated in Figure 3-7. Before redundancy reduction, the 

apparent C-index increases continually with the feature number; however, the reduced 

validated C-index curve demonstrate that the high C-index obtained with a large 
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number of features may be because of overfitting. After redundancy reduction, the gap 

between apparent C-index and validated C-index narrows, with C-index value 

stabilized at 0.699 and 0.673 respectively, regardless of the increase of the feature 

numbers, representing is successfully handled. 

 

Figure 3-7. Assessment of overfitting 

3.7. Chapter Summary 

In this chapter, we proposed an integrative clustering and supervised feature selection 

framework to select informative, representative, and non-redundant features from both 

high-dimensional imaging feature set and low-dimensional clinical dataset. By 

comparing the selection of each part from we proposed framework with the 

conventional survival models, we prove that our model is completely superior to other 

methods. Our selected features had both strongly discriminative ability and lower 

internal correlation as well as suppression the overfitting problem. 
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Chapter 4. A Differential Diagnosis 

Values of Radiomic Analysis on 

Detecting the Bone Marrow 

Involvement Patients of Suspected 

Relapsed Acute Leukemia 

This chapter focuses on how to use machine learning to assess the radiomics ability of 

differential diagnosis. 18F-FDG PET-CT imaging is utilized clinically for the 

diagnosis of extramedullary lesions in patients with relapsed Acute Leukemia (AL). 

However, the visual analysis of 18F-FDG diffuse bone marrow uptake in the detection 

of BMI in routine clinical practice remains challenging. How to use machine learning-

based radiomics to assess whether invasive biopsy can be replaced for tissue 

identification, which plays a vital role in the diagnosis of diseases and avoiding harm 

to body. This chapter aims to improve and evaluate the diagnostic performance of 18F-

FDG PET-CT in the detection of BMI for patients with suspected relapsed AL by 

analysis composed of three major stages, including feature extraction, important 

feature selection with model construction and model validation. 

This chapter can be divided into five parts: the overview of introduction and motivation, 

data description, PET-CT radiomic analysis with machine learning, results, discussion 

and chapter summary. 
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4.1. Overview  

AL is a hematological malignancy characterized by a dramatic increase in the number 

of immature blood cells. Despite the high rates of initial complete remission, relapse 

keeps a powerful clinical challenge and has become the main cause of failure in 

medical treatment [114]. Leukemia relapse can happen intramedullary or 

extramedullary. Patients usually suffer multiple BMB in the follow-up to records the 

intramedullary relapse [115]. However, BMB is an invasive way and only assess a 

small part of the whole bone marrow. 18F-fluorodesoxyglucose positron emission 

tomography/computed tomography (18F-FDG PET/CT) has been certified to monitor 

more missed extramedullary lesions than routine examinations [116-121].  

The differentiate diagnosis of 18F-FDG PET/CT-based BMI has not been completely 

assessed because of the imperfect systematic and immature related studies. From the 

accessible studies, most are case reports, we could conjecture that diffuse uptake is the 

main pattern [122-125], and its incidence is much higher than that in the lymphoma 

studies [126]. It is really difficult to decide whether diffuse uptake is BMI by visual 

analysis, because the judgment relies on the physician’s experience, and both 

malignant and benign phenotypes may be similar [124, 127, 128]. About some 

lymphomatous bone marrow researches, diffuse uptake was evaluated as BMI negative 

[129, 130], while in other studies it was evaluated as BMI positive [131, 132]. Because 

of the high incidence of diffuse uptake in AL patients, it is not suitable to take diffuse 

uptake as positive or negative for BMI in patients with suspected relapsed AL. To 

conclude, the clinical 18F-FDG PET/CT-based diagnosis of BMI in relapsed AL still 

face challenges.  
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Radiomics quantitatively extracted and mined considerable medical imaging features 

to reveal features that are impenetrable to the naked eye. It has been utilized in many 

solid tumors [133-135], while seldom utilized in bone marrow evaluation. A recently 

published study found that 18F-FDG PET-based radiomic analysis was effective in 

detecting BMI [136]. We surmise that high-dimensional, high-throughput radiomic 

features from both PET and CT images would provide a comprehensive strategy for 

extracting the pattern of BMI, and thereby would be effective in improving the 

diagnostic capability of 18F-FDG PET/CT in patients with suspected relapsed AL.  

4.2. Dataset Description 

4.2.1. Patients 

The study was approved by the institution review board, and no written informed 

consent is required. This study retrospectively analyzed images of AL patients who 

received 18F-FDG PET/CT at Peking University People's Hospital from January 2012 

to February 2019. The collection criteria were: 1) acute myeloid leukemia or acute 

lymphoblastic leukemia patients who reached complete remission after induction 

chemotherapy, 2) the patient’s age are all great than 16, 3) clinically suspected 

recurrence, but not yet received treatment, 4) no chemotherapy or granulocyte 

stimulation-factor less than 30 days, 5) BMB has been accomplished within seven days. 

The simple statistics of collected patients are listed in Table 3-1. The patients were 

separated into two groups, one is 35 patients between January 2012 and February 2018 

as training set and 6 patients between March 2018 and February 2019 as independent 

validation set.  
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Table 4-1. Demographic and clinical characteristics of patients. 

Characteristics Total number BMB positive BMB negative P-value 

  (n=41) (n =18) (n =23)   

Age (years), median (range) 35.2 (17~75) 38.1 (18~75) 32.9 (17~49) 0.276 

Gender (female/ male) 15/ 26 4/ 14 11/ 12 0.089 

Leukemia subtype (ALL/ 

AML) 
 17/ 24  5/ 13  12/ 11 0.116 

With extramedullary relapse/ 

without 
24/ 17 11/ 7 13/ 10 0.767 

Laboratory parameters     

WBC (G/L), mean (SD)  6.62 (4.70) 8.19 (6.27)  5.35 (2.38)  0.092 

Hb (g/dL), mean (SD) 114.45 (23.07) 111.10 (21.53) 117.17(24.42)  0.427 

ESR (mm/h), mean (SD) 38.33 (26.45) 37.17 (22.16) 39.50 (32.32)  0.887 

CRP (mg/L), mean (SD) 13.013 (21.92) 18.32 (28.59) 7.08 (7.21)  0.199 

ALL: acute lymphoblastic leukemia, AML: acute myeloid leukemia, WBC: white blood cell, 

Hb: hemoglobin, ESR: erythrocyte sedimentation rate, CRP: C reaction protein 

 

4.2.2. Image Acquisition and Reconstruction Parameters 

All patients fasted at least 6 h before scan, and the blood glucose level was controlled 

less than 8.3 mM (range 4.7~8.0 mM). 18F-FDG (provided by Atom high-tech Co., 

Ltd., Beijing, China) was injected intravenously with a weight-base dose of 5.55 

MBq/kg (0.15 mCi/kg). After one hour (60 ± 5 min, range 54~63 min) 18F-FDG 

injection, the PET scan between the base of skull and the middle of the thigh was 

performed on a Discovery VCT (GE Healthcare, Milwaukee, Wisconsin, USA) with a 

64-slice spiral CT. CT scan was firstly performed with a tube voltage of 140 Kev and 

a tube current of 80 mAs. The matrix size of CT was 512 × 512 and the voxel size 1.0 

× 1.0 × 3.3 mm3. The PET images were collected in 3D mode for 2.5 min/bed and were 

revised for attenuation with a CT-based attenuation revise method. The PET images 

were reconstructed using an iterative algorithm (ordered-subset expectation 

maximization with 2 iterations, 28 subsets) and 6-mm full width at half maximum 

(FWHM) of Gaussian filter. The matrix size of PET was 128 × 128 and the voxel size 

5.5 × 5.5 × 3.3 mm3.  
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4.3. PET/CT radiomic analysis with machine learning 

As shown in Figure 4-1, the radiomic analysis constituted of three main stages. Firstly, 

based on the manual delineation of the VOIs from CT and then ascertained on PET, 

our model automatically extracted high-dimensional imaging features from both PET 

and CT VOIs; then important and discriminative features for pattern extraction were 

selected using harnessed correlation analysis and machine learning models; and finally, 

a machine learning-based prediction model was validated for the classification of BMB 

cases. 

 

Figure 4-1. The flowchart of radiomics features extraction, selection and evaluation. 
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4.3.1. Radiomic Feature Extraction 

The first stage was radiomic feature extraction. A semi-automatic procedure for axial 

skeleton VOI definition is described in a previous study which shows high 

reproducibility [136]. A software XD3 (Mirada Medical) was used for PET-CT image 

display and processing. The VOI including the spine and the pelvis was firstly 

determined by CT densities of Hounsfield units >130, and then all irrelevant bone areas 

were manually excluded. The final CT VOIs were then displayed on fused PET images 

to check if there were possible regions of increased 18F-FDG uptake near the skeleton, 

including extramedullary lesions and bladder. Areas of contiguous bone involvement 

and bone hyperplasia and sclerosis were also manually excluded.  

From PET/CT VOIs, in total 1826 quantitative features including 781 features from 

PET and 1045 from CT were extracted. We extracted the radiomics features with the 

PyRadiomics package [81] (https://github.com/Radiomics/pyradiomics) which is 

compliant with the Imaging Biomarker Standardization Initiative [80]. From this 

package, we extracted the radiomics features from the original PET and CT images, 

filtered images with coiflet wavelet and LoG respectively. The images were discretized 

with a fixed bin size of 25 HU, which was quite commonly used in radiomics literature 

[137-139]. The extracted features reflected the disease characteristics including 

intensity distribution, texture pattern, morphological information, and spatial locations, 

as well as wavelet features [81]. The detailed list of extracted features was provided in 

the Supplementary Materials. Conventional PET metrics were also considered with 

equivalent features included in the features list. Specifically, the maximum and mean 

of the SUV were represented by the “Intensity Histogram” features “Maximum” and 

“Mean” from the original PET image, and the MTV could be represented by 
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“Morphology” feature “Volume”. Texture patterns were represented statistically by 

some common matrix, such as GLCM, GLSZM, and GLRLM. In addition, features 

from LoG and wavelet images were able to depict subtle texture features at different 

coarseness levels and frequency domains.  

4.3.2. Feature Selection and Model Construction 

The second stage was important feature selection with model construction. To reduce 

the high dimensionality of features, our selection strategy incorporated both intrinsic 

and statistical feature relationship as well as an outcome-driven machine learning 

model. To ensure that the feature-set was accurately clustered, we first repeated 

consensus cluster sampling for n=50 times to achieve the most stable groups. And then, 

to select the most important features, our selection process included (Figure 4-2) : 1) 

from each cluster, the most representative features were selected based on RF [92] tree 

importance (importance ≥ 0.01), 2) key features were selected from the representative 

features by univariate RF using the area under the curve (AUC ≥ 0.7), 3) to further 

eliminate the remaining redundant features, we then utilized the pairwise PCM, 4) 

Recursive Feature Elimination (RFE) [140] was adopted to select the most important 

features to form radiomic pattern. Thereby, the machine learning prediction model 

could be constructed only with the selected important features using RF algorithm. 
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Figure 4-2. The process of feature selection. 

 

4.3.3. Model Validation 

The last stage was model validation. The machine learning model was trained by a 

Stratified ten-fold cross-validation on the training dataset, and the proportion of the 

positive-negative sample ratio in training and testing sets were approximately the same 

as in the original data set. To validate the robustness and stability of the machine 

learning model, we utilized both cross-validations and independent validations to 

assess the performance of the model. Ten-fold cross-validations were performed 

within the training group. As to the independent validations, the model was trained 

with the entire training group and then evaluated on the independent validation group. 
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Feature importance ranking was adopted in the RF model to evaluate the representative 

value of selected features. The feature-set was continuously and randomly permuted 

and scored, and the importance scores of the variable were obtained.  

The performance of the pattern in this model was evaluated using receiver Operating 

Characteristic Curve (ROC). Wilcoxon test was utilized for feature P-values (P ≤ 0.05) 

selection for both continuous and classification variables. The sensitivity, specificity, 

accuracy, Positive Predictive Value (PPV) and Negative Predictive Value (NPV) were 

also computed by Confusion matrix-derived metrics. 

4.4. Experimental Results 

4.4.1. Clinical visual analysis 

The visual analysis was performed on the patients of training group with 16 BMB 

positive and 19 BMB negative patients. According to the visual analysis, 3 patients 

were classified as focal uptake, 8 as normal uptake and 24 patients were classified as 

diffuse uptake. Visual analysis correctly diagnosed all focal uptake patients and 7 out 

of 8 normal uptake patients. However, as to the diffuse uptake cases, visual analysis 

correctly diagnosed 14 cases, with 7 TP and 7 TN, failed in 10 cases with 5 FP and 5 

FN. In summary, visual analysis achieved a successful diagnosis in 68.6% (24/35) of 

patients. The AUC of the visual analysis was 0.681 (95% confidence interval was 

0.502-0.828). Its sensitivity, specificity, accuracy, PPV and NPV was 62.5%, 73.7%, 

68.6%, 66.7% and 70.0%, respectively. 

4.4.2. Feature selection and machine learning model 

Feature selection procedure and results are illustrated as Figure 4-3. It could be 

observed that although Morphology features were extracted from images, these 
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features were eliminated due to their statistical insignificance by statistical analysis. 

The texture features from original CT image were all eliminated due to their less 

importance determined by the RF algorithm. The following feature univariate RF 

selection showed that the features from original PET and CT images were less 

predictive in comparison with the features from LoG filtered and Wavelet decomposed 

images. Finally, after RFE process, the machine learning model consisted of two PET 

and one CT features (Table 4-2). It could be observed that the three selected features 

were all from the wavelet decomposed images capturing the textural information with 

low pass filters applied to the first two dimensions and high pass filter applied to the 

last dimension. The feature values extracted from the experimental dataset are 

normalized and summarized in Table 4-3. These values were assigned different 

weights when performing the model prediction.  
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Figure 4-3. The results of feature reductions. 
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Table 4-2. The features selected from the trained machine learning model and their meanings. 

GLRLM： gray level run length matrix, LLH： low, low, and high frequency, SRHGLE： 

short run high gray-level emphasis.  

Feature name Feature definition and meaning 

Wavelet-

LLH_GLRLM_Run

Entropy_PET 

Formula：  

               𝐹𝑟𝑙𝑚.𝑟𝑙.𝑒𝑛𝑡𝑟 =  ∑ ∑ 𝑝𝑖𝑗𝑙𝑜𝑔2𝑝𝑖𝑗
𝑁𝑟
𝑗=1

𝑁𝑔

𝑖=1
              (4.1) 

where 𝑁𝑔 is the number of discretized grey level intensity in the mask of 

VOI, 𝑁𝑟  is the maximal possible run length in the mage. 𝑝𝑖𝑗  is 

normalized the run length matrix. 𝑖  is a discretized grey level and  𝑗  is 

occurrences of runs with length in matrix. 

Measuring the distribution of gray levels randomness from an image filter 

by a mid-frequency wavelet. The higher the value, the stronger the 

heterogeneity in the texture patterns. 

Wavelet-

LLH_firstorder 

_kurtosis _PET 

Formula： 

                         𝐹𝑘𝑢𝑟𝑡 =

1

𝑁𝑣
𝛴𝑘=1

𝑁𝑣 (𝑋𝑑,𝑘−𝜇)4

(
1

𝑁𝑣
𝛴𝑘=1

𝑁𝑣 (𝑋𝑑,𝑘−𝜇)2)2
                     (4.2) 

where 𝑁𝑣 is the intensities set included in the ROI intensity mask denoted as 

{𝑋𝑑,1, 𝑋𝑑,2 , … , 𝑋𝑑,𝑁𝑣
}. 𝜇 is average gray-level intensity within the VOI. 

Measuring the peak of image VOI pixel value distribution in a mid-

decomposition domain by using wavelet filter. The lower the value implies 

the mass of distribution concentrated towards a peak close to the mean value, 

vice versa.  

Wavelet-

LLH_GLRLM_SRH

GLE _CT 

Formula: 

                     𝐹𝑟𝑙𝑚.𝑠𝑟𝑙𝑔𝑒 =  
1

NS
∑ ∑

𝑖2𝑟𝑖𝑗(𝜃)

𝑗2

𝑁𝑟
𝑗=1

𝑁𝑔

𝑖=1
             (4.3) 

where 𝑁𝑔 is the number of discretized grey level intensity in the mask of 

VOI, 𝑁𝑟  is the maximal possible run length in the image.  𝑟𝑖𝑗  be the run 

length matrix for an arbitrary direction 𝜃. NS = ∑ ∑ 𝑟𝑖𝑗
𝑁𝑟
𝑗=1

𝑁𝑔

𝑖=1  be the number 

of runs in the image along angle  𝜃 . 𝑖  is a discretized grey level and 𝑗 is 

occurrences of runs with length in matrix. 

Measuring the distribution of homogeneity by measuring the short run length 

distribution of higher gray values after mid-pass wavelet filter. 
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Table 4-3. The mean± standard (SD), range and P-value of the features of the BMB positive 

and negative patients. 

GLRLM： gray level run length matrix, LLH： low, low, and high frequency, SRHGLE： 

short run high gray-level emphasis 

 

The model was evaluated with both cross-validation and independent validation. In the 

cross-validation, the model correctly predicted 31 patients with 14 TP and 17 TN, 

incorrectly predicted 4 (2 FP and 2 FN) patients of 18F-FDG diffuse uptake. The 

machine learning model achieved a successful diagnosis in 88.6% (31/35) of patients, 

which was significantly higher than that of visual analysis by using Pearson Chi-square 

test (P=0.041). The AUC of the model was 0.885 (95% confidence interval was 0.732-

0.968), which was significantly higher than that of visual analysis (P=0.046). Its 

sensitivity, specificity, accuracy, PPV and NPV was 87.5%, 89.5%, 88.6%, 87.5% and 

89.5%, respectively. As to the independent validations, the prediction model could 

achieve 83.3% (5/6) accuracy on the independent validation dataset. Among the six 

patients, one (out of two) focal uptake patient was incorrectly predicted as FN, while 

all the diffuse uptake and normal uptake patients were correctly predicted. 

4.4.3. Results analysis and interpretation 

Results from the study show that the differences between the two methods mainly 

existed in the diagnosis of the patients with diffuse uptake. The machine learning 

model achieved 83.3% (20/24) prediction accuracy, in comparison with 58.3% (14/24) 

accuracy from visual analysis. Among the 10 visually failed diffuse uptake cases, the 

Features BMB positive BMB negative P-value 

 Mean± SD range Mean± SD Range  

Wavelet-LLH 

_GLRLM_RunEntropy

_PET 

0.453±1.190 -1.02~3.09 -0.381±0.528 -1.26 ~0.81 0.022 

Wavelet-

LLH_firstorder_kurtos

is _PET 

-0.443±0.320 -0.62~0.72 0.375±1.183 -0.61~3.21 0.008 

Wavelet-LLH_ 

GLRLM_SRHGLE_ 

CT 

-0.404±0.273 -0.93~-0.04 0.34 ±1.24 -0.69~5.21 0.001 
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machine learning model correctly predicted 9 of them. Visual analysis correctly 

diagnosed the other three cases in which the machine learning model failed. 

Two representative cases from visual analysis and machine learning model are 

illustrated by Figure 4-4. As shown in Figure 4-5 for the distribution histogram of the 

three normalized features among all experimental data, there existed BMB positive 

and BMB negative patients sharing same feature value ranges. Therefore, BMB 

positive and negative patients could not be discriminated from an individual feature 

(with mean accuracy of 70.8%, 72.7% and 76.7% respectively for Kurtosis, 

RunEntropy and SRHGLE features). As to the case 3A, according to the first and third 

features, since there were more BMB negative patients than positive ones exhibiting 

the same feature value, these two features would suggest that the patient was more 

probably to be BMI negative. However, the distribution of the second feature was 

against this negative suggestion. As to the case 3B, although all three features were 

suggesting that the patient was more likely to be negative, the possibility of a positive 

case could not be eliminated, given that a few positive cases were exhibiting the same 

feature values.  

The machine learning model quantitatively combined these features for the final 

prediction while considering their diverse contributions. The contributions of features 

could be explained by the weighting coefficients derived from LIME model which is 

a local linear approximation of the trained prediction model [31]. The LIME model 

perturbed the feature values and observed the resulted changes in prediction. The 

features, which the prediction was more sensitive to, would be assigned higher weight 

values. Positive weights indicated that the increase in the corresponding features would 

be more supporting a positive prediction, while negative weights would indicate the 

changes supporting a negative prediction. The right column of Figure 4-3 shows the 
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weights of the features employed in the prediction of the two representative cases, and 

the predictions were derived from the linear combinations of the features weights and 

features values.  

 

Figure 4-4. Two representative cases from visual analysis and machine learning model. The 

patient displayed on panel (A) was BMB negative. The machine learning model correctly 

predicted it. The value of three features were -0.03, -0.57 and -0.23, respectively. The visual 

diagnosis was false positive. The patient displayed on panel (B) was BMB positive. The 

machine learning model correctly predicted it. The value of the three features were -0.48, -

0.34 and -0.28, respectively. The visual diagnosis was false negative. From left to right, 

coronal PET, CT, fusion image and the approximated features weights from LIME 

interpretation. 
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Figure 4-5. Distribution histograms (feature values as x-axis, and value frequency in the 

dataset as y-axis) of the 3 radiomic features selected by the trained machine learning model 

with the corresponding feature values of the 2 representative cases (red crosses for case 3A, 

and black spots for case 3B). The zoomed and scaled views of the distributions are indicated 

with dashed frames (BMB=0 for bone marrow biopsy negative, and BMB=1 for bone marrow 

biopsy positive). 

4.4.4. Intra- and Inter-observer Variability 

We have evaluated the influence of both intra-observer and inter-observer variabilities 

on the performance of our prediction model. The volume overlap error rate (VOE) was 

used to measure both intra-observer and inter-observer agreement rate where 1 

indicating two identical VOIs and 0 indicating no overlap between the VOIs. From our 

experimental validations (as detailed below), the performance of the prediction model 

was not affected by the intra-observer and inter-observer variabilities. The predictions 

would be slightly affected by the faulty VOIs of large variations, but the intra- and 
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inter-observer variability would not as large as the faulty VOIs to influence the 

predictions. 

To evaluate the influence of intra-observer variability, 16 (out of 35) patients were 

randomly picked for a second review and adjustment. As shown in Figure 4-6, the 

mean intra-observer agreement rate with standard deviation was 0.949±0.044, which 

led to feature value differences as recorded in Table 4-4. We then performed ten-fold 

cross-validations on the adjusted patients VOIs. The validation demonstrated that such 

a minor variability did not pose alteration on prediction decision, justified by 87.5% 

(14/16) accuracy with two (out of 10) diffuse uptake patient predicted as FPs, which 

were the identical decision as that in the previous cross-validations.  

To evaluate the influence of inter-observer variabilities, we further collected six new 

patient datasets for independent validation. The six datasets included two diffuse 

uptake patients, two focal uptake patients and two normal uptake patients. For each 

new patient, two sets of VOIs were delineated by (1) the same experienced senior 

operator for the initial 35 patients, and (2) a team of two junior operators. As shown in 

Figure 4-5, the inter-observer agreement rate was 0.921±0.074, leading to feature value 

differences as recorded in Table 4-4. Then, we respectively performed independent 

validations on the two sets of VOIs from the six new patients. The comparison of 

independent validations results demonstrated that there was no alteration on prediction 

decision, justified by the same accuracy of 83.3% (5/6) with one (out of two) focal 

uptake patients incorrectly predicted as FN, while all the diffuse uptake and normal 

uptake patients were correctly predicted.  

In particular, for the two intra- and inter-observer cases with 82.74% and 79.23% as 

the lowest VOI agreement rates, the model produced consistent predictions. 
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To further investigate the influence of higher variations, we randomly picked 13 

patients from the initial 35 patients and intentionally exclude various portions of the 

VOI of the spinal cord to create a new set of VOIs. The agreement rate between these 

two sets of VOIs was 0.667±0.064 (range 0.509~0.754). The experimental validation 

showed that the majority of predictions (11 out of 13 patients) remained consistent 

while two predictions were inversed. 

 

Figure 4-6. Intra-observer and inter-observer agreement rate based on VOE. 

Table 4-4. Differences on normalized feature values caused by intra-observer and inter-

observer variabilities. 

 Intra-observer Cases Inter-observer Cases 

 Mean± SD Range Mean± SD Range 

Wavelet-

LLH_GLRLM_RunE

ntropy_PET 

0.018±0.036 -0.066~0.092 -0.001±0.069 -0.11~0.1 

Wavelet-

LLH_firstorder_kurto

sis_PET 

-0.012±0.475 -0.787~1.624 0.03±0.136 -0.1~0.28 

Wavelet-

LLH_GLRLM_SRH

GLE_CT 

-0.003±0.012 -0.007~0.048 -0.006±0.008 -0.02~0 
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4.5. Discussion 

To solve the well-recognized difficulties of visual analysis of BMI, we constructed a 

18F-FDG PET/CT radiomic analysis in the patients with suspected relapsed AL. To the 

best of our knowledge, there have been no previous studies using radiomic features 

with machine learning methods to assess leukemic bone marrow uptake, and it is a 

relatively large-scale bone marrow 18F-FDG PET/CT study.  

Considering the sample size, we employed the RF prediction model in our study. As 

evaluated by Gunduz et al [93], the RF model substantially outperformed other 

techniques on both real-life and simulated data regarding the task of robust 

classification in the high dimension low sample size context. Floares et al [141] further 

justified that the RF method would derive accurate and robust model from omics data 

of small sample size. Such characteristic made RF model more suitable to our study 

where radiomic pattern would be derived from high dimensional data (a total of 1826 

features for each patient) of limited number of sample studies. Additionally, according 

to the theory of Chalkidou et al [142], 10 to 15 patients are minimally required to test 

one radiomic feature, our model reduced the number of features to 3 features and 

would be valid to minimize false detection rates regarding the sample size in our study. 

The first finding of this study is that the machine learning model achieved a high 

accuracy for detecting the BMI, outperforming that of visual analysis, and was 

particularly excellent in analyzing diffuse uptake patterns. The diagnostic value of 

machine learning model statistically outperformed visual analysis in terms of AUC 

(0.885 vs. 0.681, P=0.046), and the successful diagnosis rate of machine learning 

model was significantly higher than that of visual analysis (88.6% vs. 68.6%, P=0.041). 

For the diffuse uptake patients, the machine learning model achieved 83.3% (20/24) 
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prediction accuracy, in comparison with 58.3% (14/24) accuracy from visual analysis. 

The independent validation further justified the excellence of the machine learning 

model for diffuse uptake pattern. To the best of our knowledge, this is the first study 

to apply artificial intelligence technology to improve the 18F-FDG PET/CT-based 

clinical diagnosis of BMI in the patients with suspected relapsed AL. A comparable 

radiomic analysis result was reported in the patients with diffuse large B cell 

lymphoma, where the AUC of a first-order Skewness feature in detecting BMI was 

0.821, and its sensitivity and specificity was 81.8% and 81.7%, respectively [136]. The 

Skewness feature and its variants were also extracted in our experiments, and their 

performances (mean accuracy of 52%, range 34.7%~67.2%) were all lower than that 

of the individual three features we selected, and thereby also lower than the 

performance of our radiomic pattern (provided in supplementary materials).  

Another finding is that this study provided an interpretable insight into the output of 

BMI from the machine learning model. Because of the complexity and opacity of 

algorithms, machine learning methods are often criticized as black boxes. We 

attempted to interpret the results of model predictions based on the LIME model. 

LIME approximated the machine learning model as a local linear model which is a 

linear combination of the feature values and the corresponding relative weighting 

coefficients. With the derived weights of features, the driving factors of the machine 

learning model prediction could be extracted. A more detailed explanation is in the 

results section.  

Interestingly, a CT feature became an integral part of the model in the present study. 

Although the value of features extracted from unenhanced low-dose CT has been 

demonstrated in the studies of non-small cell lung cancer [143], lymphoma [144] and 

esophageal cancer [145], there are no such published studies on bone marrow. Based 
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on the experience of visual analysis, CT is suitable to visualize cortical and trabecular 

bone, while not a routine method for bone marrow assessment [146, 147]. In the 

present study, the CT feature contributed with a relatively high weight in some patients. 

However, the value of CT features on BMI requires a larger number of research 

samples for further confirmation.  

In addition, in comparison to the PET conventional metrics (SUVmax, SUVmean, 

MTV and TLG), our selected radiomics features possessed much stronger correlations 

with BMB (as detailed in the supplementary materials). The equivalent features to the 

three conventional metrics, i.e. SUVmax, SUVmean and MTV, were initially included 

in the extracted radiomics set. However, these three equivalent features were excluded 

automatically by our feature selection procedure on the basis of their discriminative 

contributions. We calculated another conventional metric, TLG=MTV*SUVmean 

[148]. The prediction accuracy for these four individual conventional metrics were 

53.9%, 44.2%, 50.5% and 51.5% respectively. Further comparison analysis on the 

correlations with BMB was performed between PET conventional metrics and our 

three selected radiomics features (Table 4-5). The comparison showed that the BMB 

correlation values of our selected radiomics features were 0.42, -0.41 and -0.38 while 

the correlation values of the four PET conventional metrics were 0.29, 0.19, 0.22 and 

-2.33E-01. 

Table 4-5. The correlation matrix of selected features, PET conventional metrics and BMB. 

Features TLG SUVmean MTV SUVmax BMB 

Wavelet-

LLH_GLRLM_RunEntropy 

0.89 0.85 0.24 -6.63E-02 0.42 

Wavelet-

LLH_firstorder_Kurtosis 

-0.22 -0.24 -0.16 6.00E-01 -0.41 

Wavelet-

LLH_GLRLM_SRHGLE 

0.1 0.04 -0.45 -2.70E-03 -0.38 

BMB 0.29 0.19 0.22 -2.33E-01 1 
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The last finding is that our automated radiomic analysis method could serve as a non-

invasive test option complementing the visual analysis for the diagnosis of suspected 

relapsed AL. For the 11 failed cases in visual analysis, our machine learning model 

correctly predicted 10 of them by analyzing the radiomic features purely based on the 

PET/CT scans. And that would suggest our model being an eligible non-invasive test 

option complementing the visual analysis for a more comprehensive and accurate 

diagnosis.  

For the next stage, we will be performing translational research by (1) harnessing 

automated bone segmentation software with machine learning-based prediction model 

for automated processing and analysis platform, and (2) installing the software 

platform in our collaborative hospitals for multi-center study for the standardization of 

the imaging biomarkers for BMB.  

4.6. Chapter Summary 

We propose an interpretable machine learning approach measures the contribution of 

features for each case and the connections of radiomics with its underlying biological 

features to seek innovate clinical decision making in related studies. 18F-FDG PET/CT 

radiomic analysis with machine learning model presents an objective and efficient 

mechanism for monitoring the BMI in suspected relapsed AL, and could serve as a 

non-invasive way selection supplementing the visual evaluation to obtain a more 

comprehensive, precise and reasonable diagnosis. It is recommended in particular for 

the diagnostic BMI in the patients with diffuse uptake.  
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Chapter 5. A Prognostic Values of 

Radiomic Analysis on Predicting 

Pathologic Complete Response of 

Breast Cancer to Neoadjuvant 

Chemotherapy 

This chapter are mainly evaluating radiomic prognostic ability base on machine 

learning. Because of the non-invasive advantage of radiomics, a prognostic radiomic 

feature set is very meaningful for making treatment programs.  

The status of pCR is considered as a gold standard assess NAC postoperative 

pathologic outcomes of locally advanced breast cancer patients. However, even 

patients have some tumor staging or subtypes, the efficacy of pCR may be completely 

different. 18F-FDG PET-CT imaging has special value in tumor staging, prognosis 

prediction and therapeutic assessment. This chapter aims to mine radiomic predictors 

from PET/CT imaging features for non-invasively prognostic therapeutic efficacy in 

breast cancer patients prior to NAC.  

5.1. Overview 

Breast cancer is a malignant tumor that is one of the leading causes of cancer-related 

death among women worldwide, and morbidity and mortality have increased in recent 

years [149]. According to the National Central Cancer Registry of China (NCCR), the 

number of new cases in China in 2015 was similar with the number of morbidity in 

America in 2019 about 268,600 [150]. NAC is commonly utilized in locally advanced, 
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inflammatory breast cancer with a primary lesion greater than 3 cm [151]. pCR is often 

used as a substitute for Disease-Free Survival (DFS) and Overall Survival (OS) and is 

the primary endpoint of neoadjuvant chemotherapy [152]. Therefore, it is vital to 

detect those patients who will have a pCR after NAC so the toxicity of ineffective 

chemotherapy is avoided and other treatment options are considered. Moreover, a high 

proportion about 10-35 % of patients fail to respond to NAC and these patients have a 

higher risk of relapse and lower survival [153, 154]. Therefore, it would be valuable 

to be able to identify the women who will respond to NAC.  

The postoperative pathology result is the golden standard of pCR, however, some 

assessment of NAC treatment response is done prior to any surgical intervention and 

imaging plays an important role in this assessment. Conventional anatomical imaging 

techniques, such as X-ray CT and MRI, provide volumetric and morphometric changes 

of tumor size using RECIST criteria but these are insufficient to evaluate early 

treatment response [155, 156]. PET/CT with 18F-FDG is a more sensitive and specific 

tool for the noninvasive assessment of tumor metabolism and can provide an earlier 

indication of response and so reduce ineffective treatment-related toxicity [157]. More 

recently, investigators have suggested that an early change in 18F-FDG uptake in the 

primary breast tumor is a potential predictive biomarker of response to NAC but these 

changes can take at least two courses of NAC before tumor metabolic changes become 

apparent [158-160].  

Radiomics is an emerging field where various techniques are used to extract/interpret 

information in quantitative medical imaging and it has a great potential to assist in 

patient management [161, 162]. Radiomics has been applied to oncologic detection, 

diagnosis, tumor monitoring response to treatment and prognosis [163-165]. A recent 

report showed that pre-treatment 18F-FDG PET/CT metabolic radiomics had a close 
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relationship with tumor response to NAC and risk of recurrence in locally advanced 

breast cancer, but this research did not establish a specific therapy response prediction 

model [166]. Our aim was to identify radiomic predictors of treatment response and 

pCR from a single 18F-FDG PET/CT scan and construct an automated model.  

5.2. Dataset Description 

5.2.1. Patients  

The study was retrospective and done in a single center. It was approved by the 

Institutional Review Board; the need for informed consent was waived. We reviewed 

records and images of patients with breast cancer (n = 163) who underwent NAC at 

Fudan University Shanghai Cancer Center (Shanghai, China) between January 2012 

and July 2018. Tumor staging was performed on the basis of the American Joint 

Committee on Cancer TNM Staging Manual, 8th Edition [167]. Inclusion criteria were 

female sex, biopsy-confirmed breast cancer, unilateral tumor, 18F-FDG PET/CT scan 

done < 7 days before NAC, completion of the full course of NAC (the details of the 

NAC can be found in the supplementary material). Exclusion criteria were: multifocal 

or multicentric breast cancer (n = 12); non-standard NAC regimen (n = 15). There were 

138 patients, with 50 pCR patient, who met the inclusion criteria. 50 non-pCR patients 

were randomly selected with the 50 pCR patients for finally analysis to ensure uniform 

data distribution. The clinical-pathologic characteristics of the 100 patients are listed 

in Table 5-1. All the patients included in the study, the median (interquartile range, 

IQR) age of all patients was 47.37 (26-76) years. Immunohistochemical (IHC) 

parameters included Ki-67, Estrogen Receptor (ER) / Progesterone Receptor (PR) 

status, and Human Epidermal Growth Factor Receptor (HER2). The breast cancer 
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molecular subtypes were classified as: ER/PR-positive and HER2-negative (Luminal 

A); ER/PR-positive and HER2-negative with high Ki-67 (Luminal B1); ER/PR-

positive and HER2-positive (Luminal B2); ER/PR negative and HER2-positive; or 

Triple-Negative (TN). pCR was defined as no histological evidence of infiltration of 

tumor cells in breast and axillary tissues, including ductal carcinoma in situ (yp T0/is).  

Table 5-1. The baseline characteristics of the study population. 

 Training set Testing set 

 Number % Number % 

Number 70  30  

Age median(range) 49.5(26-76)  47(28-68)  

Molecular subtype     

Luminal 31 44.29 17 56.67 

Her 2+ 17 24.28 10 33.33 

TN 22 31.43 3 10 

Response to NAC     

pCR 35  15  

non-pCR 35  15  

5.2.2.Phantom PET-CT Studies 

18F-FDG was produced in our cyclotron (Siemens CTI RDS Eclips ST, Knoxville, 

Tennessee, USA) using Explora FDG4 synthesis module; radiochemical purity was > 

95%. All the patients were requested to fast at least 6 h. At the time of the tracer 

injection (7.4 MBq/kg), the patient’s blood glucose level was < 10 mmol/L. Before 

and after radioisotope injection, patients were kept lying comfortably in a quiet, dimly 

lit room. Scanning began 60 mins after radioisotope injection; data were acquired on 

a Siemens Biograph 16HR PET/CT scanner (Siemens Healthineers, Hoffman Estates, 

IL, USA) with a transaxial intrinsic spatial resolution was 4.1 mm (full-width at half-

maximum) in the center of the field of view. Data acquisition procedure was as follows: 

CT scanning was first performed, from the proximal thighs to head, with 120 kV, 

80 ~ 250 mA, pitch 3.6, rotation time 0.5. Immediately after CT scanning, a PET 

emission scan that covered the identical transverse field of view was obtained. 
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Acquisition time was 2 ~ 3 min per bed position. PET image data sets were 

reconstructed iteratively by applying CT data for attenuation correction, and co-

registered images were displayed on a workstation. 

5.3. Statistical Analysis 

5.3.1. Image Segmentation and Feature Extraction 

The overall workflow of this study is shown in Figure 5-1. The three-dimensional 

Gross Tumor Volume (GTV) was performed by two expert physicians using 3D Slicer 

software [168, 169] on all PET/CT images to minimize operator bias. The registered 

PET-CT images and the delineated VOIs, were used to extract 1105 image features. 

The radiomic features can be divided into Shape, Intensity and Texture features and 

features based on LoG and Wavelet filter. The Shape feature includes edges, angles, 

and ridges so that 3D geometric features such as surface area, compactness, and 

spherical ratio can be extracted. Intensity features included maximum, mean and the 

average absolute deviation of the gray level intensity values in the VOIs. The texture 

feature, is a 2nd order feature, and is used to express internal heterogeneity difference 

between different parts of the lesion from common matrices (Table 5-2). LoG and 

Wavelet features included extracted the first order, shape, and second-order features 

from the different frequencies and resolutions for subtle features. These features enable 

a comprehensive comparison of the spatial position voxel with its surrounding voxels. 

Overfitting is a concern because of the high dimensionality of the radiomic features 

available, therefore, the dataset was randomly divided into training (70 patients with 

35 pCR) and validation (30 patients with 15pCR) groups to reduce this risk. Feature 

selection and model construction were based on the training group.  
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Figure 5-1. The workflow of radiomic features extraction, selection and model construction. 
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5.3.2. Feature Selection 

For feature selection, we first identified reproducible features using an unsupervised 

learning method, i.e. consensus clustering repeated multiple times, in combination 

with a Wilcoxon test. We then used a Pairwise PCM to identify pairs of highly 

correlated features (|r| ≥ 0.76 for PET and |r| ≥ 0.4 for CT) from inner clusters for non-

redundant features. Each pair was represented by one with the highest discriminative 

ability to preserve most representative features, that is, keep larger one and average 

accuracy higher than 0.5. Efficacy prediction by using univariate RF. Then, the most 

robust features for NAC prediction could then be derived based on these inter-cluster 

representative features. Traversal Feature Selection (TFS) based on multi-variate RF 

was applied on the inter-cluster representative features to select the radiomic predictor 

with best prediction performance. Selection details and results are shown in Figure 5-

2 and Table 5-2. 

 

Figure 5-2. The chart of feature selection procedure 
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Table 5-2. The selected features details in the study 

Feature name Observation Feature Equation  
wavelet-

LHH_glcm_Differ

enceAverage.CT 

 

GLCM_DA_LHH_CT 
Formula: 

𝐹𝑐𝑚.𝑑𝑖𝑓.𝑎𝑣𝑔 = ∑ 𝑘𝑝𝑥−𝑦(𝑘)
𝑁𝑔−1

𝑘=0                (5.1) 

where Ng  is the number of discretized grey 

level intensity in the anatomical imaging mask 

of VOI. 

px−y(k) =  ∑ ∑ p(i, j)
Ng

j=1

Ng

i=1
, where 

|i − j| = k, and k = 0,1, … , Ng − 1. 

Measuring the local intensity variation through 

evaluating the connections the pairs of similar 

intensity values with different intensity values 

by after mid-pass wavelet filter.  A higher 

value means a greater disparity from among 

neighboring voxels. 

 
wavelet-

HLH_glrlm_LowG

rayLevelRunEmp

hasis.CT 

 

GLRLM_LGRE_HLH_CT 
Formula: 

𝐹𝑟𝑙𝑚.𝑙𝑔𝑟𝑒 =  
∑ ∑

𝑃(𝑖,𝑗|𝜃)

𝑖2
𝑁𝑟
𝑗=1

𝑁𝑔
𝑖=1

𝑁𝑟(𝜃)
                    (5.2) 

where Ng  is the number of discretized grey 

level intensity in the anatomical imaging mask 

of VOI. Nr is the maximal possible run-length 

in the image. P(i, j|θ) be an arbitrary direction 

θ for run length matrix. Nr(θ) is the number of 

runs in the image along angle θ. 

Measuring the distribution of low gray level 

values in a mid-decomposition domain by 

using a wavelet filter. A higher value indicates 

a higher density of lower gray values in the 

image. 

 
wavelet-

HLH_glrlm_RunV

ariance.PT(RunLe

nthVariance) 

 

GLRLM_RV_HLH_PT 
Formula: 

𝐹𝑟𝑙𝑚.𝑟𝑙.𝑣𝑎𝑟 = ∑ ∑ 𝑝(𝑖, 𝑗|𝜃)
𝑁𝑟
𝑗=1

𝑁𝑔

𝑖=1
(𝑗 − 𝜇)2                                                               

(5.3) 

where μ = ∑ ∑ p(i, j|θ)j
Nr
j=1

Ng

i=1
. Ng  is the 

number of discretized grey level intensity in 

the molecular imaging mask of VOI. Nr is the 

maximal possible run-length in the image. 

p(i, j|θ)  be an arbitrary direction θ  for run-

length matrix. 

Measuring the variance in runs over the grey 

levels for run lengths from an image filter by a 

mid-frequency wavelet. 
wavelet-

HHH_glszm_Zone

Variance.PT(Zone

SizeVariance) 

 

GLSZM_ZV_HHH_PT 
Formula: 

𝐹𝑠𝑧𝑚.𝑧𝑠.𝑣𝑎𝑟 =  ∑ ∑ 𝑝(𝑖, 𝑗)(𝑗 − 𝜇)2𝑁𝑠
𝑗=1

𝑁𝑔

𝑖=1
 

(5.4) 

where μ = ∑ ∑ p(i, j)j
Ns
j=1

Ng

i=1
. Ng is the number 

of discretized grey level intensity in the 
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molecular imaging mask of VOI. Ns  is the 

number of discreet zone sizes in the 

image. p(i, j) is a normalized size zone matrix. 

Measuring the variance in zone counts over 

different zone sizes grey levels in a high-

decomposition domain by wavelet filter. The 

variance can reflect the volumes of size zones 

for the VOI.  

 

5.3.3. Radiomic Predictor and Model Construction  

Both unsupervised learning and supervised learning methods contributed to the 

derivation of the prognostic predictor. Consensus clustering is implemented to ensure 

that the RF derives the fairness of representative features from each cluster. The RF 

method was capable of evaluating the feature discriminativeness. It was effective in 

two aspects of radiomic feature analysis: selection of representative features and 

derivation of the robust radiomic predictor.  

In the training process, using the multivariate RF model to construct the radiomic 

predictor. RF is essentially composed of 100 decision trees in our model. The original 

training set will be replaced by random selection multiple times as the new training 

sets of decision tree. Then different structures of training set will be observed 

separately binary decisions, and the final prediction comes from the vote of all of it. 

The AUC, sensitivity, specificity, positive predictive value, and negative predictive 

value were then computed to establish model performance. 

5.3.4. Analysis and Interpretation  

10-fold Stratified cross-validation was adopted on training set and mimic the positive-

negative sample ratio of training set to split-folds as similar proportion. 30 times cross-

validation were settled in this study guaranteeing the data split fairness of selected 

predictor to evaluate the robustness of selected radiomic predictor. On the basis of 
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build model on training group, independent validation group was applied to evaluate 

the stability and performance of the predictive model. Confusion matrix-derived 

metrics computed sensitivity, specificity, accuracy, PPV and NPV from the machine 

learning model.  

We used the LIME model to measure the approximate perturbation range and hence 

the contribution of each feature to the prediction model. The weight of the feature was 

estimated by measuring the distance from the range center. Positive weights indicated 

that an increase in the corresponding feature would support a positive prediction, while 

negative weights indicated the change supported a negative prediction. The LIME 

explanation of function was obtained as follows: 

          ε(x) = argmin
g∈G

 ℒ(𝑓, 𝑔, 𝜋𝑥) + Ω(𝑔)             (5.5) 

where gϵG as an explanation model, G is a potentially interpretable model, Ω(𝑔) is a 

measure for complexity of model G, here, it represents the depth of the tree. 𝑓(𝑥) is 

predictive probability that the case belongs to a certain class1. 𝜋𝑥  as a proximity 

measure to define locality around x. ℒ(𝑓, 𝑔, 𝜋𝑥) measures the faithfulness of g in 

approximating f defined by 𝜋𝑥. 

5.4. Experimental Results 

5.4.1. Clinical features analysis and signature construction 

Table 5-3 illustrates the performance for univariate clinical features and clinical 

predictor: 1) each clinical feature performance was evaluated using 30 times of cross-

validation in second columns, 2) with TFS selected and assessed, three 

immunohistochemical parameters and a clinical feature age, as clinical predictor 
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applied on training set and independent validation set and the performances show in 

third and fourth column.    

Table 5-3. The performance of the selected clinical features 

Features Uni_mean_accuracy TFS accuracy Independent set 

ER 0.7  

0.757 

 

0.5 PR 0.619 

HER2 0.324 

Age 0.529 

Ki-67 0.610  

Molecular Subtype 0.676 

 

5.4.2. Clinical and Radiomic Features Analysis and Results 

In our experiments, we compared the four different radiomic predictors: 1) CT features 

only; 2) PET features only; 3) PET and CT features; 4) clinical features and PET and 

CT features. The most prognostic predictor, based on the average prediction 

performance of various feature combinations (Table 5-4) had 5 PET, 3 CT and 4 

clinical features (30 patients with 15pCR). 

Table 5-4. Selected features in the prediction model 

Category             Selected features 

PET radiomic features wavelet-LHH_glrlm_RunVariance 

wavelet-LHH_gldm_DependenceVariance 

wavelet-HLH_glrlm_RunVariance 

log-sigma-3-0-mm-3D_firstorder_Maximum 

wavelet-HHH_glszm_ZoneVariance 
 

CT radiomic features wavelet-HLH_glrlm_LowGrayLevelRunEmphasis.CT 

wavelet-LHH_glcm_DifferenceAverage.CT 

wavelet-LLH_glszm_SizeZoneNonUniformity.CT 
 

Clinical features   ERP 

  PRP 

  HER2 

  Age 

PET-CT radiomic 

features 
wavelet-HLH_glrlm_LowGrayLevelRunEmphasis.CT 

wavelet-LHH_glcm_DifferenceAverage.CT 

wavelet-HLH_glrlm_RunVariance.PT 

wavelet-HHH_glszm_ZoneVariance.PT 
 

Predictive predictor   Age 

wavelet-HLH_glrlm_LowGrayLevelRunEmphasis.CT 

wavelet-LHH_glcm_DifferenceAverage.CT 

wavelet-HLH_glrlm_RunVariance.PT 
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wavelet-HHH_glszm_ZoneVariance.PT 
 

  

 

5.4.3. The Performance of pCR Predictions 

Table 5-5 shows the prognostic performance comparison of the three different types 

of radiomic predictors applied on the training group and on the independent validation 

group as well. The combination of 2 PET radiomic features (GLRLM_RV_HLH_PT 

and GLSZM_ZV_HHH_PT) with 2 CT radiomic features (GLRLM_LGRE_HLH_CT 

and GLCM_DA_LHH_CT) and add the Age information of patients could achieve the 

accuracy of 0.857 and 0.8 in the training group and the independent validation group 

respectively. The prediction model showed that the independent validation had a 

sensitivity of 0.733 and a specificity of 0.867. It could be observed that the overall 

performance of the PET-CT adds age information radiomic predictor consistently 

outperformed the radiomic predictors based on single modality in both ten-fold 

validation and independent validation. Figure 5-3 provides images of two patients as 

representative examples. 

Table 5-5. The prediction performance of selected radiomic features. 

 AUC Accuracy Sensitivity Specificity PPV NPV 

PET  training set 0.656 0.714 0.833 0.625 0.625 0.833 

testing set 0.6 0.7 0.6 0.8 0.75 0.667 

CT  training set 0.755 0.785 0.714 0.857 0.833 0.75 

testing set 0.698 0.733 0.733 0.733 0.733 0.733 

PET-CT  training set 0.844 0.857 0.875 0.833 0.875 0.833 

testing set 0.722 0.767 0.733 0.8 0.786 0.75 

Predictor training set 0.948 0.857 0.75 1 1 0.75 

testing set 0.73 0.8 0.733 0.867 0.846 0.765 
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Figure 5-3. The patient displayed on panel (A) was a pCR patient after NAC. It was a 55 years 

old Her 2 positive subtype breast cancer patient. The model correctly predicted it. The value 

of four radiomic features were -0.27, -0.29, -0.64 and 0.47, respectively. The patient displayed 

on panel (B) was a non-pCR patient after NAC. It was a 59 years old lunimal B1 subtype breast 

cancer patient. The model also correctly predicted it. The value of four radiomic features were 

-0.09, -0.42, -0.77 and 0.42, respectively. 

5.4.4. Association of Radiomic features with Clinical 

Variables 

We investigated possible correlations of immunohistochemical information with the 

radiomic features. We found that GLCM_DA_LHH_CT had a significant negative 

correlation with molecular subtype while positive correlation with ER (p = 0.02 and p 

= 0.04 respectively). In addition, GLRLM_RV_HLH_PT and Ki-67 indicators also 

showed a significant negative correlation (p = 0.03) (Figure 5-4). 
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Figure 5-4. Correlation analyses of selected radiomic features with clinical features. The "* 

"means strong correlation, p ≤ 0.05. The red color denotes positive correlation, the blue color 

denotes negative correlation, and the shade of color indicates the correlation intensity. 

5.4.5. Failed Analysis with Its Heterogeneity  

To examine the cases where PET-CT radiomic pattern failed, we retrospectively 

analysed the experimental results of ten-fold validation based on the training group of 

70 patients. To reduce the bias introduced into the prediction model due to the 

insufficient training, we performed 30 times random ten-fold validation, and 

summarized the wrong prediction frequency of these 30 times validations for each case. 

Cases with consistent prediction error would be marked as wrong prediction and 

Figure 5-5 summarizes the results of these examinations. It could be observed that the 

PET-CT radiomic pattern was more capable of predicting the treatment prognosis for 

luminal B2 and TN. In addition, the performance of radiomic patterns based on pure 

PET or CT was also examined. Among the 24 cases which could not be dealt with by 

PET-CT radiomic pattern, there were 13 cases, as shown in Table 5-6, exhibiting better 

prediction results using pure PET radiomic pattern, and there were 8 cases, as shown 
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in Table 5-7, exhibiting better prediction results using pure CT radiomic pattern. There 

were also 4 Her2+ cases which could be predicted solely based on the image features, 

as shown in Table 5-8. 

 

Figure 5-5. Retrospective examinations of cases using PET-CT radiomic pattern in ten-fold 

validations. 

Table 5-6 Cases with better prediction results using PET radiomic pattern. 

Pid Prognostic Subtype CT PET PET-CT 

10367735 0 luminal B1 30 0 9 

10619045 0 luminal B1 14 0 12 

10788498 0 luminal B1 0 5 18 

117575 0 luminal B1 30 2 30 

10551997 0 luminal B2 19 4 20 

10783695 0 Her2+ 30 0 13 

10857910 1 Her2+ 0 1 14 

10554442 1 Her2+ 0 0 16 

10782145 0 Her2+ 30 2 30 

10480212 0 Her2+ 29 0 30 

10356750 0 TN 30 0 13 

10627797 0 TN 0 0 30 

10689877 1 TN 5 0 30 
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Table 1-7. Cases with better prediction results using CT radiomic pattern. 

Pid Prognostic Subtype CT PET PET-CT 

10788498 0 luminal B1 0 5 18 

10350033 0 luminal B1 8 30 30 

10779233 0 luminal B2 0 30 30 

10857910 1 Her2+ 0 1 14 

10554442 1 Her2+ 0 0 16 

10628341 1 TN 0 12 14 

10627797 0 TN 0 0 30 

10689877 1 TN 5 0 30 

 
Table 5-8. Cases could not be predicted solely based on radiomic patterns. 

Pid Prognostic Subtype CT PET PET-CT 

10326389 1 Her2+ 30 18 22 

10354311 1 Her2+ 29 23 29 

10293278 1 Her2+ 30 29 30 

10333807 1 Her2+ 30 30 30 

 

5.5. Discussion 

In this study, our main findings are: 1) we constructed a model using radiomic features 

to identify those patients who would have a pCR following NAC from a single pre-

treatment PET-CT scan; 2) the radiomic features were associated the 

immunohistochemistry parameters. To the best of our knowledge this is the first pCR 

prediction model for NAC using a pretreatment 18F-FDG PET/CT and 

immunohistochemistry; 3) building a pCR prediction model was able to accurately 

distinguish between pCR and non-pCR in a highly heterogeneous cohort of 18F-FDG 

PET/CT textures. 

The first finding of this study was that we constructed a model with high accuracy 

using radiomic features to identify those patients who would have a pCR following 

NAC from a single pre-treatment PET-CT scan. In these experiments, we analyzed the 

prediction ability of clinical information and immunohistochemistry parameters, more 
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details in Table 5-3. Some of univariate performance of these clinical features conform 

to our univariate criteria, and TFS evaluated the clinical predictors with the best 

predictive performance (accuracy = 0.757) in training set which is nearby the 

performance of radiomics predictor (accuracy = 0.767). However, it showed a poor 

prediction performance in the independent validation set (accuracy = 0.5). When 

feeding with the radiomic features and the clinical data into the prediction model, a 

more stable predictive capability was achieved in the independent set. The 

experimental comparisons validated that the non-invasive PET/CT radiomic predictors 

outperformed clinical factors obtained from invasive biopsy pathological results. The 

work reported by Antunovic et al included 79 patients with breast cancer, the study 

built four different models for pCR prediction in two methods. One model only used 

the clinical data and another used high-order imaging features, in all models the area 

under the curve values ranged from 0.70 to 0.73. Our study, however, combined the 

clinical data and the radiomics features in the one model [170]. Besides, the pre NAC 

18F-FDG PET/CT standard parameters such as the SUVmax, TLG [171, 172] or the 

18F-FDG uptake changes between pre and post two cycles of NAC [159, 173] have 

been widely studied the correlation with breast cancer NAC response. In this study, 

we also analyzed the PET/CT standard parameters, but these features were excluded 

during the feature selection.    

In combination with age, the compound radiomic predictors achieved an accuracy of 

0.8, a sensitivity of 0.733 and a specificity of 0.867 for pCR as the end point (Table 

5-4). This finding is consistent with previous reports where younger patients had a 

higher rate of pCR when compared to older patients [174-176]. But in overall study 

population, the recurrence and death were worse in young age breast cancer patients 
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who more likely to have an aggressive biological subtype. So more attention should 

be paid for the young breast cancer to achieve a better long-term outcomes. 

The second finding was that some higher-order imaging features have close 

associations with immunohistochemical parameters and importantly these features 

were included in the prediction model. It was found that GLCM_DA_LHH_CT has a 

significant negative correlation with molecular subtype (p = 0.02) while positive 

correlation with ER (p = 0.04). Previous studies have shown that the pCR rate varied 

with breast cancer molecular subtypes, specifically, the TN and HER2 positive 

molecular subtypes showed higher pCR rate of NAC [177, 178]. Some researches also 

reported that the high-order imaging features have closer associations with molecular 

phenotypes, risk of recurrence risk and prognosis [179, 180]. The study also found that 

the GLRLM_RV_HLH_PT and Ki-67 indicators also showed a significant negative 

correlation (p = 0.03) (Figure 5-4). Ki-67, a marker of cell proliferation activity, is a 

specific nuclear antigen expressed in all phases of the cell-cycle. Studies have 

demonstrated the clinical validity of Ki-67 as a predictive marker in the neoadjuvant 

setting and as a prognostic factor in responder/non-responder groups [181, 182]. These 

reported that the high Ki-67 expression before NAC was associated with higher pCR 

rate than low Ki-67 in breast cancer patients. 

Intratumoral heterogeneity, where there are tumor cells with different genotypes and 

phenotypes within the same tumor, is considered to be a major factor in tumor 

evolution/progression and resistance to chemo- and radiotherapy [183]. Radiomics 

offers a potential means to characterize heterogeneity given that tissue biopsies only 

sample a very small part of the tumor. Breast cancer is a heterogeneous disease that 

varies in presentation, morphological features, behavior, and response to therapy [184]. 

The high BC mortality is directly endowed by the lack of effective markers to estimate 
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the risk of cancer progression and to predict tumor response to chemotherapy and 

radiotherapy. The PET/CT radiomics might provide a more precise method for tumor 

molecular and effective marker determination. The subgroup analysis results indicated 

strong heterogeneity that the PET/CT prediction radiomic pattern was more capable of 

predicting the luminal B2 among luminal molecular subtype tumors, we could predict 

pCR with an accuracy of 0.86. Relative to luminal breast cancers, the TN and Her2 + 

subtypes had more frequently achieving pCR [185, 186], and the subgroup analysis 

showed that TN patients response to NAC was accurately detected on the basis of pre-

NAC PET/CT. This work was aim to validate the radiomic for the noninvasive 

prediction of pCR in NAC recipients based on pretreatment 18F-FDG PET/CT. 

Although this study has achieved preliminary success, when applied to clinic, many 

attentions should be paid. For the same prediction model, different molecular subtypes 

showed different accuracy, a MRI image radiomic showed the same conclusion [166]. 

When applying the model to clinical patients, it is necessary to clarify the molecular 

classification tendencies of the model. Or applying different prediction models for the 

different molecular subtypes to achieve more individualized and accurate results. 

This study represented a preliminary success for the pCR prediction model based on 

the breast cancer 18F-FDG PET/CT image, which could potentially assist personalized 

treatment and reduce ineffective treatment. But our research still has some limitations 

and much more work remains to be done. First of all, the study was a retrospective 

work so many patients without complete information being kicked out of the research, 

at last only 100 patients image data were included. For the future, expanding the 

sample size and multicenter research should be performed in order to obtain more 

accurate and reliable results. Moreover, the PET/CT scan of post two NAC cycles was 
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also often performed in clinical work, the advanced image analysis should be further 

evaluated in a large population. 

 

5.6. Chapter Summary  

We propose a more reasonable and fairer feature selection framework to select the 

most reproducible, representative and robust feature set. We further proposed a 

traversal selection method optimizing the computational complexity of the selection 

process to make sure robust feature set can be selected. Then, construction a model to 

predict pCR prior to NAC using four radiomic PET/CT features, derived from a single 

pre-treatment PET/CT scan and patient age. Further, we found the strong correlation 

between radiomic features and immunohistochemical receptor expression, then reveal 

its underlying biological basis and implication.  
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Chapter 6. Conclusion and Future 

Work 

6.1. Conclusion 

In this thesis, we proposed three novel models on machine learning to integrate 

radiomic imaging, molecular assays and clinical information, and identifying the 

connections between them. 

Firstly, we proposed a mature framework that involves an unsupervised clustering 

method guiding supervised learning methods, based on late-stage NSCLC for survival 

prediction. Unlike common feature selection methods, we add consensus clustering as 

a pre-processing step for selection. We selected PCM as an independent selection to 

avoid the problem of overfitting as it follows a strictly linear relationship. To validate 

the effectiveness of our framework, we compare our feature selection process against 

two classical machine learning models specialising in survival prediction. In addition, 

our framework can work well not only on imaging feature sets but also on clinical 

datasets. 

Secondly, to evaluate the ability of radiomic differential diagnosis, we established a 

selection framework based on the BMB conditions of leukemia patients. Unlike 

previous frameworks: 1) we embedded tree importance to ensure that representative 

features can be selected; 2) RFE is adopted to form radiomic patterns; 3) an 

interpretable machine learning approach (LIME) measures the contribution of features 

for each case to seek innovative clinical decisions; and 4) we evaluated the influence 

of both intra-observer and inter-observer variabilities on the performance of our 
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prediction model; we determinted that the error in the segmentation variability of bone 

marrow lesions has no significant impact on the predictions.  

Thirdly, to assess the ability of radiomic treatment prognosis, we constructed a 

framework to predict the status of pCR in patients with locally advanced breast cancer. 

Stratified cross-validation is embedded in the training process to ensure the fairness 

and stability of the data splits. Then we proposed a TFS method to optimise the 

computational complexity of the selection process. Analysing the mean and variance 

of each fold in 30-fold cross-validation, we selected the most robust feature set. This 

approach has played an important role in the evaluation of tumor heterogeneity in 

breast cancer subtypes and the conclusion is consistent with clinical experiments. Most 

importantly, aside from using LIME to evaluate feature contribution, we also 

calculated the correlation coefficient between radiomics with clinical data to reveal its 

biological insight. 

6.2. Future Work 

This thesis aims to explore the potential of radiomics in prognostic medical 

applications and to understand the relationships between radiomics, oncology and 

clinical biology. Because of the high dimensional data structure, we have proposed 

mature feature selection frameworks in chapters 3, 4 and 5 to select the most suitable 

radiomic pattern. And we have evaluated and validated radiomics’ ability to 

differentiate diagnostic and prognostic treatments by using advanced machine learning 

algorithms (chapters 4, 5). This Mphil study can be used to develop predictive imaging 

biomarkers in order to identify patients who will benefit the most (or least) from a 

particular treatment. 

To this end, work in the future stem from the following:  
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1) Adhere to the standardisation of image acquisition and processing to increase the 

reproducibility of radiomic analysis. The different imaging parameters are inevitable 

to define radiomic features. We conjecture that special image transformation and 

interpolation  produces the best performance; this is followed by making reproducible 

experimental results and rational interpretations [66].  

2) Add deep features to find more important features in the related study. Deep learning, 

[187] a kind of multi-hidden layer machine learning model, has become a hot spot in 

medical image analysis. Unlike traditional hand-crafted feature models, although it 

faces the challenges of big data requirements and high computational complexity, it 

can implicitly and automatically learn deeper features from data samples and discover 

complex structures in high-dimensional datasets [188]. 

3) Establish more fundamental biological connections such as imaging data with genes. 

As the most basic biomarker, genes define the basic structure and phenotype of 

organisms. Imaging-genomics [189] combines medical imaging with genomics to 

better understand the relationship between radiomics and genomes. 

4) Compare and assess radiomics’ predictive power of other microenvironments in the 

tumour. In addition to providing insight of tumour characteristics, microenvironment 

features are also important for the guidance of medical decisions as it can influence 

carcinogenesis, cancer progression and therapy response [190]. Therefore, this should 

be appear in the future work. 
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Appendix 

18F-FDG 18F-fluorodesoxyglucose LoG Laplacian of Gaussian  

2D Two-Dimensional MI Mutual Information 

3D Three-Dimensional MRI Magnetic Resonance Imaging  

ADC Apparent Diffusion Coefficient  MTV Metabolically active Tumor Volume 

AL Acute Leukemia NAC Neoadjuvant Chemotherapy 

AUC Area Under the Curve NCCR National Central Cancer Registry  

BMB Bone Marrow Biopsy 
NGTD

M 

Neighbouring Gray Tone Difference 

Matrix 

BMI Bone Marrow Involvement NPV Negative Predictive Value  

BY Bayesian  NSCLC Non-Small Cell Lung Cancer 

C-index Concordance index OS Overall Survival 

CPH Cox PAC Proportion of Ambiguous Clustering 

CT Computed Tomography PCM Pearson Correlation Matrix 

DFS Disease-Free Survival pCR pathologic Complete Response 

DSC Dice’s Similarity Coefficient  PET Positron-Emission Tomography  

DWI Diffusion-Weighted Image PPV Positive Predictive Value 

EGFR 
Epidermal Growth Factor 

Receptor  
PR Progesterone Receptor 

ER Estrogen Receptor RELF Relief  

FTSJD1 
FtsJ Methyltransferase Domain 

Containing 1 
RF Random Forest 

GLCM Gray Level Co-occurrence Matrix RFE Recursive Feature Elimination  

GLDM Gray Level Dependence Matrix ROC Operating Characteristic Curve  

GLDZM Grey Level Distance Zone Matrix ROI Region of Interest 

GLRLM Gray Level Run Length Matrix RSF Random Survival Forest  

GLSZM Gray Level Size Zone Matrix  RT Radiation Therapy 

GT Ground Truth SBS Sequential Backward Selection  

GTV Gross Tumor Volume  SCT Stem Cell Transplant  

HD Hausdorff Distance SFS Sequential Feature Selection 

HER2 
Human Epidermal Growth Factor 

Receptor 
SUV Standard Uptake Value 

HPV Human Papillomavirus  SVM Support Vector Machines 

HT Hormone Therapy  TFS Traversal Feature Selection  

ICC Intra-Class Correlation TN Triple-Negative 

IHC Immunohistochemical  TT Targeted Therapy  

LASSO 
Least Absolute Shrinkage and 

Selection 
VOE Volume Overlap Error 

LIME 
Local Interpretable Model-

agnostic Explanations 
VOI Volume of Interest  

 


