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Abstract 

Title: Machine Learning Models on Prognostic Outcome Prediction for Cancer Images 

with Multiple Modalities 

Author: Gengbo Liu 

Advisor: Debasis Mitra, Ph.D. 

Machine learning algorithms have been applied to predict different prognostic outcomes 

for many different diseases by directly using medical images. However, the higher 

resolution in various types of medical imaging modalities and new imaging feature 

extraction framework brings new challenges for predicting prognostic outcomes. 

Compared to traditional radiology practice, which is only based on visual interpretation 

and simple quantitative measurements, medical imaging features can dig deeper within 

medical images and potentially provide further objective support for clinical decisions. In 

this dissertation, we cover three projects with applying or designing machine learning 

models on predicting prognostic outcomes using various types of medical images. 
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Chapter 1 

Introduction 

As one of the richest sources of information about patients, medical imaging data is also 

the most complex one. The million-pixel data contained in the results of x-rays, CT scans, 

PET, MRI, and other medical images is a challenge for even the most experienced clinical 

professionals to understand and interpret. Therefore, among all types of medical data, the 

fastest development of machine learning in the medical industry is image-related research. 

Studies have shown that machine learning algorithms can link patient outcome with certain 

imaging pattern and help to decode hidden insights within images which are invisible for 

doctors. However, there are still many questions that need to be answered. This dissertation 

covers three computer science problems from different aspects in understanding patient 

outcomes via three different types of medical images, including magnetic resonance 

imaging(MRI), positron emission tomography (PET) and CT (computed tomography). We 

organize these three problems in Chapters 3, 4, 5 respectively. In this introduction, we 

provide introduction of three medical imaging modalities in this dissertation, an overview 

of these problems, our approach to solving these problems and our key contributions to 

computer science community. 
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1.1 Three medical imaging modalities 

MRI (magnetic resonance imaging) is a technology that uses 1-3 Tesla magnetic field and 

radio waves to produce anatomical structures in the body. It is harmless to human body. 

MRI has a high diagnostic confirmation rate for tumor in the brain. PET (positron emission 

tomography) is a nuclear medicine examination modality. Before the scan, patients are 

injected with a radioactive agent that emits a positron and general phenomena in present 

tense metabolic changes in tissue based on their participation in the metabolic process. 

Therefore, PET can display biomolecular metabolism activity in vivo. It has been widely 

used in the diagnosis and differential diagnosis of various diseases. CT (computed 

tomography) combines X-ray signals taken from different angles around human body and 

generates cross-sectional images by the computer. CT is superior to MRI in the display of 

lung, liver and bone diseases. 

1.2 Problem Overview 

My dissertation asks the following three questions. 

Problem 1: 

What combination of 1, medical imaging modalities; 2, 3D radiomic features; 3, machine 

learning algorithms are the best to predict clinical or laboratory outcomes, such as cancer 

recurrence or tumor hormone status? 

Problem 2: 
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Classification of patient’s outcome based on the region of interest (ROI) in 3D medical 

images is a challenging problem. We aim to develop a novel 3D CNN architecture to 

classify patient outcomes and guide the activation of 3D-CNN on the tumor, which can 

combine prior knowledge within the architecture, such as manual tumor segmentation. 

Problem 3: 

There are two main medical image feature extraction methods, radiomic features, and 

convolutional neural network features. Our goal is to estimate if the performance of the 3D 

radiomics based machine learning model better than 2D convolutional neural network 

(CNN) model with transfer learning with a relatively small neuroblastoma dataset. 

1.3 Approach Overview 

Problem 1 (Chapter 3): 

We investigated the ability of multi-modal radiomic features from positron emission 

tomography (PET) and magnetic resonance imaging (MRI) to predict primary breast tumor 

phenotypes and patient prognosis. Primary tumor segmentation of PET and MRI is used in 

the study for one-hundred and sixteen breast cancer patients. 837 quantitative 3D radiomic 

features were extracted for each of those segments. Four disease outcome characteristics: 

hormone status of estrogen receptor (ER), progesterone receptor (PR), human epidermal 

growth factor-2 receptor (HER2), and disease-free survival (DFS) over 5 years were 

targeted for machine learning-based predictions. Our data-driven work has utilized 
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different machine learning algorithms such as random forest, support vector machine, and 

logistic regression.  

Problem 2 (Chapter 4): 

In Chapter 4, we have developed a 3D-CNN architecture using a tumor mask for 

classifying several patient outcomes in breast cancer from their 3D dynamic contrast-

enhanced MR (DCE-MR) images. The tumor masks on DCE-MR images were generated 

using baseline and post-contrast DCE MR images and validated by experienced 

radiologists. 

Problem 3 (Chapter 5): 

We investigated the classification performance of multiple machine learning algorithms 

applied to tumor texture features extracted from CT images and a 2D convolutional neural 

network (CNN) model in predicting various neuroblastoma prognostic outcomes in 65 

neuroblastoma patients from the slices of their respective CT images. Alternatively, 

computationally-derived radiomic feature extraction was performed using the Pyradiomics 

library with a total of 105 quantitative features. We compared seven machine learning 

algorithms to predict outcomes, including neural network, linear regression, lasso 

regression, elastic regression, logistic regression, random forest, and support vector 

machine classifier. For the 2D CNN based model, we used a pre-trained VGG19 model to 

predict the prognostic outcomes. All these algorithms were used to predict the same 6 

outcomes. 
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1.4 Key Contributions 

Problem 1 (Chapter 3): 

Our main contribution to this problem is: we explored the classification ability of popular 

machine learning models on large amount of radiomic features extracted by traditional 

computer vision methodologies. We design and deploy a data science pipeline on the dual-

modality breast cancer dataset. And our results demonstrated that PET-MR, dual-modality 

radiomic features are significant biomarkers for different breast tumor phenotypes 

estimation. We also found the best machine learning algorithm and optimal set of radiomic 

features for each patient outcome. For example, we found SVM model reach best 

prediction ability with 11 multi-modal radiomic features attaining accuracy of 0.85 (CI = 

[0.82, 0.87]) when estimating one-year disease-free survival (DFS). Our machine learning 

based findings will be able to instruct doctor’s clinical decisions in the future. 

Problem 2 (Chapter 4): 

Our contribution to this problem is we proposed a novel 3D-CNN architecture and show 

that the accuracy of our proposed mask-guided classification (MGC) was better than that 

from the full image without tumor masks (including background), or only the masked 

voxels. We conclude that an image-based prediction model using 3D-CNN could be 

improved by a conservatively-generated mask instead of overly trusting 3D-CNN’s 

attention to random volume of 3D images. 
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Problem 3 (Chapter 5): 

Our key contribution to this problem is to answer one of the main questions regarding 

popular CNN architecture, which is a comparison of abilities of classification between 3D 

radiomics based model and 2D CNN feature-based model. We have found that the 

classification ability of 3D radiomics based model is better than 2D CNN features based 

model as expected. Among all radiomics models, the radiomics based neural network 

method outperformed the other algorithms in predicting all outcomes except classifying 

grade of neuroblastic differentiation for which elastic regression model performed best. 

The remaining contents and contributions of each chapter in this dissertation are organized 

as follows: 

Chapter 2 reviews the literature about the pipeline on prognostic outcome prediction using 

machine learning over radiomic features and convolutional neural network features. 

Chapter 3 presents our first project. We used different machine learning algorithms based 

on multi-modal 3D radiomic features to classify the prognostic outcome of breast cancer. 

This study extends the application of a machine learning algorithm onto multi-modal 3D 

medical images and selects a handful radiomic features that benefit personalized medicine 

in the future.  

Chapter 4 describes our second work. As a continuous study of the breast cancer dataset in 

Chapter 2, we developed a new 3D-convolutional neural networks (CNN) architecture 
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called mask guided CNN, and we showed our contributed architecture outperformed 

current state-of-art CNN solutions. 

Chapter 5 presents the third study. We compared the performance of 3D radiomic features 

based machine learning models and 2D CNN models on predicting neuroblastoma 

prognostic outcome. Our experiments demonstrated that the machine learning pipeline 

based on 3D radiomic features might be better than current popular 2D CNN architecture 

in certain datasets. 

Chapter 6 presents the conclusion and summarizes the contributions of this dissertation. 
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Chapter 2 

Literature Review 

According to Gerlinger et al. [1], single tumor biopsy samples can cause underestimation 

of intra-tumor heterogeneity. The heterogeneity in the gene, cell, and tissue of the solid 

tumor limited the accuracy and representation of invasive cancer-detection results. To 

develop the concept of personalized medicine and to attain a better understanding of tumor 

heterogeneity noninvasively, the concept of radiomics was proposed by Lambin et al. [2] in 

2012. A suffix of “omics,” such as genomics, refers to the objects of study of certain fields 

and their relationships to biology and medicine. As genomics attempts to relate genes to 

phenotype, radiomics studies relate medical images to phenotypes of disease. Much of 

radiomics literature has focused on applications in oncologic medical imaging, which 

presents a comprehensive, noninvasive, quantitative observation of the overall shape of the 

tumor, the tumor development process, and treatment response monitoring, providing a 

reliable mechanism to quantify tumor heterogeneity. Lambin et al. [2] hypothesized that 

micro-level gene or protein pattern changes could be expressed in macroscopic imaging 

features acquired during medical imaging. Therefore, Lambin et al. proposed that the high-

throughput extraction of large amounts of image features from radiographic images would 

be able to capture intratumoral heterogeneity in a non-invasive way.  
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Besides the radiomics method, a convolutional neural network (CNN) is another method to 

extract medical image features. The greatest advantage of CNN features is that the image 

filters in convolutional layer are trained by large image datasets and adjusted along with 

the corresponding labels. And those trained filters can be applied to other domains, such as 

medical images. This process is also called transfer learning, which acquires knowledge 

while solving one problem and then applies this knowledge to a different but related 

problem. In this dissertation, we call both radiomic features and CNN features in medical 

imaging domain as medical imaging features. 

Due to a large number of image features generated from radiomics and convolutional 

neural networks, many machine learning algorithms are ideal tools to explore the 

relationship between radiomics and tumor diagnosis, treatment, and prognosis. [3] [4] [5] 

Four general steps of machine learning model over medical imaging features have been 

described in the following literature [3] [6]: a) high-quality standardized imaging data 

acquisition; b) region of interest image segmentation; c) high-throughput feature extraction 

from images; d) clinical predictive model establishment. 

2.1 High-quality standardized imaging data acquisition 

Maintaining the same standard of image quality in diverse data sets is a problem. High-

quality standardized image data acquisition is near impossible. This is because the 

parameter settings during image acquisition and reconstruction may be different, and there 

is no uniform standard. Even on the same equipment, contrast agent dose, scan layer 

thickness, filters used in the image reconstruction algorithm, etc. will also influence the 
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quality of images. For this reason, many standardized open image datasets are being made 

available for the research community. For example, the National Institutes of Health (NIH) 

and the National Cancer Institute (NCI) have established the Lung Image Database 

Consortium (LIDC) [7], The Cancer Genome Atlas (TCGA) [8] and The Cancer Imaging 

Archive (TCIA) [9], etc. covering the lung, brain, breast, prostate and other organs. 

2.2 Segmentation of the region-of-interest from the image 

Image segmentation directly determines the accuracy of the extracted features data. Image 

segmentation methods can be classified as manual, semi-automatic, and fully automatic 

methods. The first two segmentation methods are applied widely, and the last method is 

still in the development stage. Manual segmentation has the advantage of high accuracy, a 

clear boundary and is suitable for irregular tumor with blurred boundaries, but has the 

disadvantage of being time-consuming and inefficient. This disadvantage of manual 

segmentation does not allow it to meet the requirements of high-throughput data extraction 

from mass datasets. Besides manual segmentation, semi-automatic or automatic 

segmentation can provide high-throughput data processing and have a higher 

reproducibility and consistency. Semi-automatic segmentation refers to the process 

whereby automatic segmentation is aided by manual interventions at different stages of 

segmentation. The semiautomatic segmentation algorithms and corresponding software 

include region-growing methods, volumetric CT based segmentation (e.g., 3d-slicer) [10], 

graph cuts based method [11] and active contour (snake) algorithms [12]. 
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2.3 High-throughput feature extraction 

In this section, medical imaging features will be described in the following order. As we 

mentioned before, medical imaging features include radiomic features and a convolutional 

neural network (CNN) based features. Many authors have classified radiomic features in 

different ways [13] [14]. According to Aerts [15], radiomic features can be grouped into 

four groups: (1) first-order statistics; (2) shape and size based features; (3) second-order 

(long-range) features; and (4) wavelet processing-based features. 

2.3.1 First order features with image statistics 

First-order statistics features (formulas in Appendix A.A), also called image intensity 

features, describe the information of an image related to the pixel values distribution in 

gray level [14]. Pixel values may be actual intensities on image or estimated. First-order 

statistics features are not texture features because they ignore the spatial interaction 

between image pixels, whereas the texture features calculation consider the relationships 

between neighborhood pixels at a distance. Different first-order statistics features have 

been widely applied in estimating tumor heterogeneity. In a PET/CT study [16] evaluating 

changes in the heterogeneity of conventional parameters and first-order statistics of rectal 

tumors on PET/CT before and after treatment, Bundschuh et al. found that coefficient of 

variation (COV, a first-order feature) predicted response more accurately than conventional 

parameters. In a dynamic contrast material enhanced magnetic resonance (DCE-MR) study 

[17], first-order statistics features on images at different time points were evaluated on lung 

tumors in terms of temporal change, optimal time of imaging for analysis and prognostic 
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potential. The results showed that standard deviation and entropy plateaued at 30- 60 

seconds after contrast administration, but skewness and kurtosis decreased very fast. 

Standard deviation and entropy showed high predictive ability of survival on the univariate 

cox regression model, and entropy showed significant predictive ability of 2 years of 

progression-free survival on multivariate Cox regression model.  

 2.3.2 Shape and size based features 

The shape and size of the region of interest have always been used by radiologists to 

predict tumor phenotypes. Shape and size based features (formulas in Appendix A.B) are 

significant in some specific types of cancer. In one FDG-PET study, Naqa et al. [18] 

evaluated shape and texture features from PET images to predict cervix cancer and head 

and neck cancer patients’ responses to treatment. The results showed that shape-based 

metrics had higher failure risk related to the categorical prediction of treatment in head and 

neck cases than that from commonly used SUV descriptive statistics. And the texture 

features are more relevant in cervix cancer. Shape and size based features are also used to 

quantify the spatial changes of patients under Parkinson’s disease on PET images and 

classified patients between healthy controls and Parkinson's disease [19]. In another 

PET/CT study [20], the shape-based feature value of squamous cell lung carcinoma 

(SQCLC) patients who experienced recurrence was significantly higher than the rest of the 

patients.  
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 2.3.3 Second-order features 

Second-order features indicate long-range interaction of pixel or voxel values in an image. 

These include the gray-level co-occurrence matrix (GLCM), gray level size zone matrix 

(GLSZM) and gray level run length matrix (GLRLM). As one of the important second-

order features, the mathematical meaning and application of GLCM will be discussed in 

this section. 

The GLCM (formulas in Appendix A.C) is based on the second-order statistical combined 

conditional probability density of the image that considers the spatial relationship of pixels. 

Haralick et al. [21] first proposed this matrix and fourteen corresponding statistics and 

showed those statistics reflect the information regarding the relative position of the various 

gray levels over the images. Although GLCM features have a good ability to distinguish 

different texture, GLCM computation is time-consuming and expensive because it needs to 

generate GLCM first and then extract fourteen texture features. Therefore, many 

researchers attempt to improve computation time in several directions. Ulaby et al. [22] 

[23] reported many features in GLCM are correlated with each other and selected only four 

independent texture features, namely, energy, entropy, contrast, and correlation. In another 

study [24], the results show that two parameters, energy, and contrast, are considered to be 

the most efficient for discriminating different textures among the most relevant of fourteen 

originally proposed parameters. In another study, to simplify the computation of GLCM, 

Bo et al. [25] proved that GLCM tends to a constant for different distances and angles 

when the distance is large enough. As one of the improvements on GLCM, a gray-level co-
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occurrence linked list (GLCLL) [26], which store only the non-zero co-occurring 

probabilities, has a better computational speed [27].  

Many researchers have utilized GLCM features to analyze multimodal medical images. In 

a study, Hatt et al. [28] investigated the association between the metabolically active tumor 

volume (MATV) of esophageal and non-small cell lung cancer (NSCLC) through texture 

features generated by GLCM. In an ultrasound study [29], the authors investigated the 

features’ differences between the normal and post-radiotherapy parotid glands by 

extracting eight GLCM features at a distance of 4 and all angles in two-dimensional 

images. The result suggested that significant differences in GLCM features were observed 

between the normal and post-radiotherapy parotid glands. Petkovska et al. [30] reported 

that the GLCM feature extracted from contrast-enhanced CT has a better identification 

ability to differentiate malignant from benign nodules than visual inspection by three 

experienced radiologists.  

 2.3.4 Wavelet processing-based features 

Wavelets are small oscillatory waveforms that can be stretched into different sizes and 

convolved against a signal for extracting their coefficients. The coefficients are thus, scale 

and translation invariant. Wavelet coefficients decompose the input signal into different 

components and then study each component with a resolution matched to its scale. The 

wavelet transform essentially splits the signal into a low pass sub-band (abbreviation 

notation is ‘L,’ also called approximation level), and a high pass sub-band (abbreviation 

notation is ‘H,’ also called detail level) at each scale. A wavelet transformed 2D-image is 



15 

 

shown in Figure 2.1 as an example. The wavelet transform-based method processes an 

image at multiple levels of resolution and returns a series of gray level edge maps at 

different resolutions. After the generation of different level of coefficients (that are 2D 

images themselves of varying resolutions) by wavelet transform, all the radiomic features 

described before, such as first-order features, shape and size based features and second-

order features, can be extracted on the high pass and low pass sub-band images again. 

These could generate thousands of radiomic features. [31] Many studies used wavelets 

based features to reveal image features of medical images. Yang et al. [32] [33] used 

Gomes et al.’s informative classifying features and developed a feature extraction scheme 

using wavelet transform that further improved the diagnostic performance. 

 

Fig 2.1. Wavelet transformed images, Up-left is the original image, and right are three 

different levels of wavelet coefficients. And horizontal direction goes along high-pass 

filtering, and vertical direction goes along low-pass filtering. 
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2.3.5 Convolutional neural network-based features 

As one of the successful machine learning algorithms, a convolutional neural network 

(CNN) has been widely used in many computer vision applications, such as image 

classification, semantic segmentation, and object detection. CNN consists of three different 

types of layers, convolution layer, pooling layer, and fully connected layer. In the 

convolution layer, the input image is convolved into feature maps by learned kernels, 

which can be initialized with random values. The convolution operation allows feature 

maps to activate when the specific feature that a kernel is looking for is in the input image. 

The pooling layer is a down-sampling process. It reduces a feature map’s dimensionality 

and allows highlighting or representing information in sub-regions that remain in the 

feature maps. Also, it reduces the computational cost by reducing the number of 

parameters to learn and provides the internal representation for the following operations. 

To make feature maps represent more complex and abstract features, convolution layer and 

pooling layers are stacked on each other to generate a hierarchical architecture in many 

pre-trained classic network models, e.g. AlexNet [34], VGG16[35]. The features computed 

by the first layer of CNN are general and can be reused in different problem domains, 

while features computed by the last layer are specific and depend on the chosen dataset and 

task [36]. 

2.4 Clinical predictive modeling with machine learning 

The use of a large number of medical imaging features for classification and prediction 

under limited samples not only takes a long time to compute but may not be optimal. After 
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a large number of high-throughput imaging features are extracted, the feature selection 

method is used to obtain the best performance feature set, which is then used in turn as 

input to a machine learning algorithm or a statistical modeling algorithm to classify one or 

more target diagnostic variables. In this section, we will discuss methods for selecting 

features and then, for classification used in medical imaging features recently. 

 2.4.1 Feature selection methods 

The feature selection process aims to find the most informative features among all 

extracted medical imaging features. To guide the practical application, selected features 

need to have good stability and strong discrimination ability.     

In many research, medical imaging features are reported to be unstable within different 

imaging methods or at different longitudinal time points [37]. Feature stability in medical 

imaging features means the feature consistency of each individual in the same cohort 

cluster. Features with better stability showed higher prognostic performance, and that 

phenomenon may be due to reduced noise in the stable features. In one study, Hugo et al. 

[15] selected top features in four feature groups out of 100 most stable features, which 

were determined by two testing datasets. According to the stability rank of test and retest 

CT scan dataset, they selected four most significant medical imaging features, which are 

statistical energy, shape compactness, gray level non-uniformity in the original image, and 

gray level non-uniformity in HLH wavelets filtered images. Their results showed that 

medical imaging features have prognostic meaning in both lung and head-and-neck cancer. 

Leijenaar et al. [38] assessed every extracted feature between test-retest and inter-observer 
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stability of features by the intraclass correlation coefficient (ICC), which is calculated by 

Kruskal Wallis one-way analysis of variance (ANOVA) method and provides an indication 

of feature measurements reliability. The similarity between test-retest and inter-observer 

stability rankings of features was evaluated by Spearman’s rank correlation coefficient. 

In addition to being useful in improving the predictive performance of machine learning 

algorithms, feature selection also reduced the dimensionality of radiomic feature-space 

and, thus, improves computational efficiency. Feature selection methods can be classified 

as univariate and multivariate feature selection methods [39]. Some research investigated 

the role of feature selection methods on predictive models [41]. Parmar et al. [39] [40] [42] 

analyzed fourteen feature selection methods on predictive performance of patient survival 

and found that the prediction accuracy of medical imaging features is influenced by the 

number of features, feature selection methods, and pattern recognition classifiers. Among 

14 feature selection algorithms, the Wilcoxon test based feature selection method (WLCX), 

one of the univariate methods, showed the highest performance in most of selected features 

numbers.  

 2.4.2 Machine learning models for outcomes analysis 

  2.4.2.1 Unsupervised clustering algorithms    

Clustering algorithms were used to reveal the cluster patterns of medical imaging features 

without knowing prior patient outcome knowledge. As one of the widely cited publications 

recently, Hugo et al. [15] applied a hierarchical clustering method to reveal the clusters of 

patients in similar expression patterns among 440 features. By comparing with the clinical 
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parameters, the primary tumor stage, overall stage, and histology of tumors were observed 

to have a significant association with the cluster. In another study [40], Parmar used 

consensus clustering method and showed the correlation between medical imaging features 

and clinical parameters of two types of cancer. The consensus clustering algorithm refers to 

finding a single (consensus) clustering, which is the best fit in input dataset from the 

existing clusters. After that, overlap features between the feature clusters of Lung and HN 

radiomics cohorts were assessed by the Jaccard index matrix. In another study, hierarchical 

clustering algorithm was used to identify non-redundant features, and the method is 

reproducible across multiple CT machines [43]. 

  2.4.2.2 Regression model 

Linear regression is a model that provides the predictive relationship between a dependent 

variable and one or more independent variables. The linear regression model has been used 

to analyze the temporal relationship between undergoing therapy and medical imaging 

features. For example, Yang et al. [44] compared tumor texture features of 

fluorodeoxyglucose, FDG heterogeneity with tumor SUV measures on patients’ PET 

images, and classified their chemo-radiotherapy responses at different time points. 

Temporal changes were analyzed by the linear regression model. The temporal behaviors 

in the early phase of treatment show that texture features are better predictor of the 

outcome of therapeutic intervention than SUV measures. In another study [45], linear 

regression model was also used to assess the relationship between the radiation dose and 

medical imaging features. Li et al. [46] demonstrated significant associations between 
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medical imaging features and multigene assay recurrence scores using multiple linear 

regression models.  

Unlike linear regression, where the dependent variable is normally continuous, the logistic 

regression model is used when a dependent variable has only a limited number of possible 

or categorical values. In King et al.’s study [47], medical imaging features were correlated 

for tumor local failure and control at 2 years. A logistic regression model was used to 

predict local failure by univariate and multivariate analyses of the apparent diffusion 

coefficients parameters, tumor stage, and tumor volume. The poorly responding tumors 

showed a significant increase in skewness and kurtosis values than those shown by well-

controlled tumors. El et al. [48] employed medical imaging features to predict treatment 

outcomes in patients with cervix cancers and head and neck cancers. Association between 

different extracted medical imaging features and nine patients’ overall survival was 

investigated by logistic regression model. The result showed that shape-based features had 

the highest categorical predictive capability of failure-risk, while commonly used SUV 

descriptive statistics had the lowest predictive ability. 

Cox regression model, referred to as the Cox proportional hazards regression model, was 

applied mainly for the prognosis of survival-time outcomes of tumors and other chronic 

diseases on one or more predictors. Cook et al. [49] measured tumor medical imaging 

features like coarseness, contrast, busyness, and complexity, which were derived from PET 

dataset of fifty-three patients with non-small cell lung cancer (NSCLC) treated with 

chemo-radiotherapy. Cox regression was used to examine the effects of the medical 

imaging features on the survival outcomes. Therapy responders showed lower coarseness 
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and higher contrast and busyness than non-responders. However, none of the SUV 

parameters predicted treatment response accurately. Those results indicate that coarseness, 

busyness, and contrast are associated with differentiating between responders and non-

responders to chemo-radiotherapy than standardized uptake values (SUV) measures, and 

coarseness was an independent predictor of overall patient survival. In another study [50], 

Cox model was trained to evaluate medical imaging features’ capability to predict distant 

metastasis.  

  2.4.2.3 Support vector machine 

A support vector machine (SVM) is another machine learning algorithm for classification 

problems. SVM transforms images by different types of kernel functions and then finds an 

optimal boundary between the predictive outputs. SVM is also applied in patient outcome 

prediction. Some studies have used SVM for predicting patients’ responses to different 

therapies. Zhang et al. [51] studied twenty esophageal cancer patients 18F-FDG PET/CT 

scans both before and after tri-modality therapy (chemo-radiotherapy plus surgery). SVM 

and logistic regression (LR) models were used to predict pathologic tumor response to 

treatment. Compared to different models and feature groups, they found that SVM models 

constructed by medical imaging features combined with conventional SUV measures and 

clinical parameters significantly improved the pathologic response prediction. Some 

studies [52] [53] have shown that many image features can differentiate tumor stages using 

different medical imaging modalities. In one study, Mu et al. [54] classified cervical cancer 

patients into early-stage and advanced-stage using fifty-four PET-based image features. 

One of the medical imaging features, run percentage (RP), which is selected by the SVM 
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classifier, was the most discriminative index with higher accuracy and could differentiate 

early stage and advanced stage with high accuracy. In another tumor stage study, Dong et 

al. [55] assessed medical imaging features on PET images of forty patients with esophageal 

squamous cell carcinoma. Correlations were observed between SUVmax, GLCM-entropy, 

and GLCM-energy on the one hand and T and N stages of patients on the other. Xu et al. 

[56] developed computer-aided diagnosis (CAD) system to differentiate malignant and 

benign bone and soft-tissue lesions on FDG PET/CT images. After selection of a subset of 

the most optimal medical imaging feature parameters, SVM classifier was used to 

automatically differentiate different bone tumor tissues. The result showed that the CAD 

method with the combined PET and CT optimal medical imaging features have a better 

ability of differential diagnosis than that by each of PET or CT texture analysis alone. 

Compared with the histological diagnosis of the lesions, the classification results of their 

medical imaging features based diagnosis method achieved a relatively good accuracy.  

As a conclusion of the literature review, the power of machine learning, both supervised 

and unsupervised, maybe best harnessed when the training sample set is relatively large. 

Providing a large data set is very challenging in medicine for obvious reasons. However, 

across different labs and clinical facilities data are being constantly gathered. If one can 

share this data, then the use of machine learning may be as powerful as it is in many of its 

other application areas, such as computer vision, natural language processing, etc. This is 

the direction where we see the medical imaging research is making some pioneering steps. 

Natural challenges, of course, are many, e.g., legally sharing data, standardizing data for 

uniform utilization by machine learning algorithms (as we have discussed in section 2), 
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and designing appropriate research questions over varieties of available data. All these 

challenges relate to the classical definition of Big Data, viz., volume, veracity, and 

velocity, which pertains to the large size of data, diversity of data, and rapid change of 

data, respectively. In the context of medical imaging these three characteristics respectively 

pose their own problems: (1) managing large data size over many imaging studies; (2) 

homogenizing data (to be accessed by individual algorithms or data processing procedures) 

over multiple studies acquired for different purposes and hypotheses, over different 

machines, possibly with multiple modalities involved; and (3) continuously increasing size 

of the image database as new data are added by contributors. Computer science is actively 

seeking solutions to the large data size problem. For example, new languages were 

designed for Big Data (e.g., PlinyCompute [60]), or new architecture for deep learning as 

model parallelization [61]. We have discussed in this chapter how the radiology 

community is addressing veracity of diversely acquired data. Finally, we believe these two 

solutions will have to adjust to the fact that the data size will continuously grow, and no 

solution for static data size will be sufficient. However, that is for the near future. 
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Chapter 3 

Multi-modal PET-MRI radiomic analyses with 

machine learning over breast tumor phenotypes 

Our main contribution of this chapter is we explored the classification ability of 

popular machine learning models on large amount of radiomic features extracted by 

traditional computer vision methodologies. We design and deploy a data science 

pipeline on the dual-modality breast cancer dataset. And our results demonstrated 

that PET-MR, dual-modality radiomic features are significant biomarkers for 

different breast tumor phenotypes estimation. We also found the best machine 

learning algorithm and optimal set of radiomic features for each patient outcome. 

For example, we found SVM model reach best prediction ability with 11 multi-

modal radiomic features reached ROC-AUC 0.85 (CI = [0.82, 0.87]) when 

estimating one-year DFS. And our machine learning-based findings are able to 

instruct doctor’s clinical decisions in the future. 

3.1 Introduction 

Breast cancer is one of the most common malignancies for women throughout the world. 

According to the American Cancer Society [63], one in eight women has a risk of being 
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diagnosed with breast cancer in her lifetime, and only in 2017 over 40,000 women were 

expected to die from breast cancer in the USA. Breast cancers are primarily categorized as 

in situ breast cancer and invasive breast cancer. Invasive breast cancer, which tends to 

grow out of the originated lesion, takes up to 80% of all breast cancer. In particular, the 

breast cancer with the presence of hormone receptors, such as the estrogen receptor (ER), 

progesterone receptor (PR), and human epidermal growth factor 2 receptor (HER2), has a 

better response to hormone therapies that target one of these three receptors [64]. 

Hormone-receptor positive (estrogen-receptor and/or progesterone-receptor positive) and 

HER2 positive can also guide to diagnose luminal A and B types and HER2-enriched type 

[65]. Triple-negative breast cancer (TNBC) refers to breast cancer, which lacks all these 

three receptors’ expressions. TNBC is not sensitive to targeted hormone therapy [66]. An 

invasive biopsy test is needed for detecting these hormone receptors for making a clinical 

decision. A noninvasive approach using diagnostic imaging could be very useful in 

differentiating breast cancer types and in guiding an early clinical decision at appropriate 

intervals with expected survival or disease-free survival probabilities. Our study is 

motivated by these potential utilities of noninvasive image analytic techniques like 

radiomics. 

We achieved accuracy in the range of 0.80 to 0.82 in predicting hormone status and 0.82 to 

0.67 in predicting disease-free survival within 5 years as measured by Receiver Operating 

Characteristic Area Under Curve (ROC-AUC) values with cross-validation. We used a 

machine learning (ML) based radiomics analyses retrospectively for PET and MRI data of 

breast cancer. Radiomics refers to analyses of quantitative image features with high-
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throughput computing over the standard medical images containing the heterogeneity in a 

tumor region [67]. According to Gerlinger et al. [68], single tumor biopsy samples could 

underestimate intra-tumor heterogeneity. The heterogeneity in the gene, cell, and tissue of 

the solid tumor limited the accuracy and representation of invasive detection results. In one 

study [69], Ha et al. showed that radiomic heterogeneity patterns of locally advanced breast 

cancer were associated with the achievement of complete pathologic response after 

neoadjuvant chemotherapy and the risk of disease-free survival. Therefore, radiomics is not 

only an accurate noninvasive image analysis technique but also is a technique to provide a 

better description of tumor heterogeneity. Compared to traditional radiology analysis 

methods, which are primarily based on visual interpretation, possibly with simple 

quantitative measurements, a radiomics study digs deeper into information-rich contents 

within images and may be used in conjunction with statistical analysis or machine learning 

techniques. Radiomic analysis explores the relationships between radiomic features and 

disease phenotypes and outcomes. In this context, we are investigating specific biomarker 

features in PET and MRI that can classify four targeted disease characteristics and 

outcomes. 

Many investigators [70] [71] [72] have studied either MRI or PET radiomic features to 

show the relationships between single modality radiomic features and breast cancer 

phenotypes. In one molecular classification study, Li et al. [71] performed a radiomics 

analysis on 91 breast cancer MRI to distinguish hormone receptors. The results of their 

study showed significant associations between radiomic features and hormone receptor 

statuses. In another study with PET images of breast tumors [72], Williams et al. related 
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radiomic features with patients’ clinical responses after chemotherapy. Although there are 

many papers focusing radiomics studies of breast cancer over single modality images, only 

a few multi-modal radiomics analyses on breast cancer have been done. It is quite expected 

that molecule-targeted imaging like PET is related to tumor phenotypes, but we ask the 

question if MRI can improve radiomics of breast cancer when they are combined with PET 

images. In our previous investigation [62], we assessed a clustering ability of 84 multi-

modality radiomic features (e.g., first-order features, shape features, and GLCM features) 

from PET and MRI for the tasks of characterizing breast cancer phenotypes and predicting 

recurrent-free survivals. That work has shown how dual-modality PET and MRI together 

can significantly correlate with some disease characteristics (e.g., tumor grade, overall 

stage, recurrence). In our current study, we have investigated a lot larger (709 over 84) set 

of radiomic features (e.g., GLRLM features, GLSZM features, and wavelet analysis-based 

features) compared to our previous work. We have used supervised ML methods for 

prediction of a larger set of disease characteristics, including three hormone statuses, (1) 

ER and PR negative versus others, (2) triple-negative (ER, PR, and HER2 negative) versus 

others and (3) HER2 positive versus HER2 negative. We also have focused on this work 

on selecting an optimal set of radiomic features over combined PET and MRI for each 

targeted phenotype or prognosis, including hormone statuses and disease-free survival over 

1 to 5 years. The present work is much broader in radiomic features scope, with supervised 

learning, showing a minimal optimal feature set for each outcome, and suggesting specific 

algorithms for each. 
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3.2 Methods 

3.2.1 Patients and Clinical dataset 

PET and breast MRI from one hundred sixteen patients with breast cancer were used for 

our analysis. They include tumor masses and microcalcifications, as well. All medical 

image studies were acquired before treatment, including biopsy tests, surgery, radiation, 

and/or chemotherapy. We performed PET and MRI radiomics analysis for four disease 

characteristics and outcomes: estrogen receptor (ER), progesterone receptor (PR), human 

epidermal growth factor receptor 2 (HER2) status, and disease-free survival over 5 years 

after treatment. Different patient numbers were enrolled randomly for different outcome 

types to ensure classes in training and testing datasets were balanced. 

All patients in the cohort underwent 18F-fluorodeoxyglucose positron emission 

tomography (FDG-PET) and dynamic contrast-enhanced magnetic resonance imaging 

(DCE-MRI) as part of breast MRI. The FDG-PET studies covered the whole-body while 

DCE-MRI only covered the breast. In order to investigate PET and MRI radiomic features 

for prediction capability on breast cancer’s response to chemotherapy, the status of three 

hormone receptors from the previous health record was grouped into the following three 

categories: (1) ER and PR negative versus others, (2) triple-negative (ER, PR and HER2 

negative) versus others and (3) HER2 positive versus HER2 negative. These three hormone 

receptor status categories are associated with the diagnosis of Luminal A and B breast 

cancer, triple-negative breast cancer, and HER2-enriched breast cancer, respectively. We 
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also predicted the patients’ disease-free survival in 1 year, 2 years, 3 years, 4 years, and 5 

years. 

Table 3.1 Demographic characteristics summary of the cohort  

 

3.2.2 Segmentation and image preprocessing 

For each PET image, region growing algorithm (MeVisLab, MeVis Medical Solutions AG) 

was applied to segment tumor semi-automatically. Tumors in MRI were segmented by an 

algorithm based on the signal enhancement ratio of the DCE-MRI. Two trained 

radiologists who are qualified in both PET and MRI confirmed the correctness of 

segmented tumor regions. The sample breast tumors on PET and MRI are shown in Fig 

3.1. To compare radiomic features in the same resolution, we first applied spline 

interpolation (python2 script.ndimage.interpolation.zoom) on both PET and MRI tumors to 

resample all voxels of PET and MRI tumors into 2.0 x 2.0 x 2.0 mm3. Subsequently, PET 

tumor voxels were converted into standard uptake value (SUV), normalized by the decay 

corrected activity concentration to the dosage of FDG and the patient body weight. 
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3.2.3 Radiomic features extraction 

The workflow of radiomic features extraction, selection, and classification is shown in Fig 

3.2. We extracted 837 radiomic features (Fig 3.2 column 1) for each modality from 

primary breast tumors to characterize tumor heterogeneity in the following five categories: 

first-order features (19), shape features (16), GLCM features (26), GLRLM features (16), 

GLSZM features (16) and same features over wavelet coefficients (744). Then we removed 

shape features over the wavelet transformed images (128) (Fig 3.2 column 2) because the 

values of shape features of the image are the same as that of shape features over wavelet 

transformed images. The detailed descriptions of these categories shown in Zwanenburg’s 

paper [73]. First-order features of an image quantify information on the gray-level 

distribution of images and estimated properties of individual pixel intensity distributions 

[74]. Shape features of region of interest describe different parameters on tumor shape 

(e.g., sphericity). Second-order texture features, such as GLCM, GLRLM, GLSZM values, 

were used to consider the spatial interaction between neighborhood pixels. For wavelet 

analyses, we used 8-levels of transformations with coiflet to decompose an original image. 

The wavelet features are generated by applying the same set of first-order features on each 

level of coefficient: GLCM, GLRLM, GLSZM, etc. To ensure the reusability and 

consistency, all image features were computed by PyRadiomics package [75] in this study. 

We then normalized the value of radiomic features for each patient into Z-scores. To 

correct bias created by labels, we generated over-sampled data by synthetic minority over-

sampling technique (SMOTE) algorithm [76] to balance data set for all disease-free 

survival outcomes. 
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Fig. 3.1 The left three images show the breast tumor on PET image and tumor 

segmentation mask (green), the right three images show the same breast tumor on DCE-

MRI and tumor segmentation mask, in transverse, sagittal and frontal positions 
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Fig. 3.2 Radiomic features extraction, selection and classification workflow 

*Patient outcomes: ER and PR negative versus others, triple-negative (ER, PR and HER2 

negative) versus others, HER2 positive versus HER2 negative, 1-5 years-disease free 

survival ** 5-fold cross-validation is performed by random sampling for producing ROC-

AUC values 

3.2.4 Feature selection and classification      

More than one thousand and six hundred features together from PET and MR images of 

each of one hundred and sixteen patients create a curse-of-dimensionality problem for us 

(more features than data set size). To eliminate redundant features, we calculated Pearson 

correlation coefficients (ρ) between every pair of radiomic vectors for PET radiomic 

features and MRI radiomic features (Fig 3.2 column 3) [77] [78]. The length of the feature 

vector for each image-type (PET or MR) is 116 for the number of patients. In this study, 

we consider Pearson correlation coefficient whose magnitudes are between 0.95 and 1.0 

that indicates which pairs of radiomic features are highly linear correlated. We calculated 

each pair of feature vectors of 709 of them and eliminate one feature of each pair that is 
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more complex of the two, e.g., between (PET-GLCM-ClusterShade, PET-wavelet-LLL-

GLCM-ClusterShade) pair of features with Pearson correlation coefficient for PET images 

we remove feature PET-wavelet-LLL-GLCM- ClusterShade because it has higher order. 

We do this process twice for PET, and MRI features independently. Combined PET-MR 

analysis was performed by combining features after this elimination process on each. In 

this process, we looked for highly linearly correlated pair of features and kept only one of 

them, thus reducing the total number of features to be considered. 208 PET features and 

210 MRI features were removed from the full feature set, and we show this process in Fig 

3.2 column 3. 

To reduce the complexity and overfitting of classifiers, we further reduce dimensionality 

(set of features) of each prediction problem for each patient outcome by using a specific 

ML algorithm suitable for this task. Random forest algorithm-based recursive feature 

elimination technique [79] [80] is used in the literature before. This technique recursively 

removes the weakest feature in each iteration until a pre-specified number of most 

important features are left. This random forest-based feature selection approach has shown 

an improvement in the many similar feature selection studies for increasing the predictive 

accuracy of different classifiers [81] [82]. We used this to select only important PET-MRI 

combined radiomic features for each outcome. The number of decision trees in our random 

forest model was pre-set to one hundred, and the Gini index [83] was used to measure 

importance of radiomic features. The algorithm provides a sorted list of one hundred 

features, in order of most important to least important features, for each patient-outcome. 
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Subsequently, we have used better-known classifier ML algorithms (than random forest) 

for the prediction tasks, again, independently for each patient outcome. 

To compare the classifier performance between dual modalities and each of single 

modality, and to find out the optimal set of radiomic features for predicting different 

outcomes, we ranked radiomic features based on the feature importance in two set of 

experiments: 1, combined PET and MRI radiomic features together and then ranked them 

(Exp 1 in Fig 3.2); 2, ranked the PET and MRI radiomic features separately and studied the 

accuracy of predictions using their combination in an ordered fashion (Exp 2 in Fig 3.2, for 

better understanding of this process, please see the Result section, or any of the heatmap 

figures, e.g., Fig 3.8). Each experiment group mentioned below is performed independently 

for each of the five patient outcomes.  

In the first experiment group (Exp 1 in Fig 3.2), the top 50 ranked important dual-modality 

radiomic features (from random forest approach) were used for the classification task. We 

performed feature ranking with recursive feature elimination along with cross-validation. 

Therefore, our model will produce an optimal set of radiomic features for each outcome. 

The performance of a series of random forest classifier built by incremental subsets of 

selected features was then evaluated by using five-fold cross-validation that computed 

mean area under the receiver operating characteristic curve (ROC-AUC). For each of the 

outcomes, the performance of classifier reaches maximum ROC-AUC value within the 

number of 25 dual-modality radiomic features in first experiment group. Therefore, in the 

second set of experiments (Exp 2 in Fig 3.2), for each imaging modality, we selected only 

top 25 important features out of 501 PET features or 499 MR features and ordered these 
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features based on their importance from the random forest algorithm. We incrementally 

selected features ranging from 0 up to 25, with an increment of 5 features (n = 0, 1, 5, 10, 

15, 20, 25) for each modality and compute mean ROC-AUC with five-fold cross-validation 

for each combination of features from dual modalities. Classifier performance of single 

modality was measured when number of selected features in one image modality is zero. 

To investigate the predictive ability and stability of radiomic features selected by random 

forest algorithms from two different image modalities, we used logistic regression (LR) 

and support vector machine (SVM) classifiers to find best prediction performance or ROC-

AUC value with a matrix or heatmap representation. In this study, linear function and 

Gaussian radial basis function (RBF) were chosen as kernel functions of SVM. 
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Table 3.2 Best ordering set of selected features by random forest and mean ROC AUC 

value with a confidence interval (CI) produced by corresponding optimal features set 
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Table 3.3 Best ordering set of selected features for predicting disease-free survival by 

random forest and mean ROC AUC value with a confidence interval (CI) produced by 

corresponding optimal features set 

 

3.3 Results 

The prediction results of hormone status are shown in Fig 3.3 to Fig 3.8. Fig 3.3 shows 

how ER and/or PR positive prediction changes as we increase the number of combined 
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features (PET and MRI) using the respective ordered list of features. The peak ROC-AUC 

value of 0.82 (95% CI = [0.79, 0.85]) is achieved with the top 20 features, listed in Table 

3.2, and most of which is from PET modality and mainly from wavelet images. This shows 

how non-trivial characteristics of images that are not easily observable by human eyes may 

reveal even hormonal status of a tumor. Figure 3.4 reveals how the prediction accuracy 

changes when we mix PET features and MRI features gradually, five from each respective 

list at a time, starting from zero. The zeroth row and zeroth column represent pure single 

modality results, only PET and only MR, respectively. We have also used better classifiers, 

as mentioned before, in these studies than the random forest algorithm. We show only the 

heatmap for the best result (logistic regression) from usages of different classifiers. In this 

case, the best ROC-AUC value of 0.85 (95% CI = [0.81, 0.88]) comes from one MRI 

feature and ten PET features. The stability of the list of features is revealed by observing 

the ROC-AUC values around this peak value in the heatmap when we increase or decrease 

features from either modality (entries in the heatmap around the peak value). 
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Fig. 3.3 Random forest-based recursive features elimination on predicting ER-positive 

and/or PR positive status, reach highest mean AUC 0.82 (95\% CI = [0.79,0.85]) at 20 

features shown in table 3.3 

 

Fig. 3.4 Heat map of ER-positive and/or PR positive, reach highest ROC-AUC 0.85 (95\% 

CI = [0.81, 0.88]) at 10 PET and 1 MRI features, logistic regression algorithm was used in 

this heat map 
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For predicting outcome HER2 status, as more combined features are introduced into the 

model, the ROC-AUC value increases with the increasing number of features until 

reaching highest at 0.80 (95 % CI = [0.76, 0.84]) with 6 dual modality-features, which is 

listed in Table 3.2 and half of which is from each modality. All detected significant 

features appear to be over wavelet coefficients from different levels, except the PET 

image’s skewness statistics. The mean ROC-AUC value matrices or heatmaps for the best 

result (SVM with RBF kernel) is shown in Fig 3.6. In this heatmap, as in all heatmaps, the 

number of radiomic features extracted from PET and MRI images are increasing with the 

row and column numbers. Five PET features and one MRI feature (Table 3.2) produced the 

best ROC-AUC value of 0.85 (95% CI = [0.83, 0.88]). 

 

Fig. 3.5 Random forest-based recursive features elimination on predicting HER2 status, 

reach highest mean AUC 0.80 (95\% CI = [0.76,0.84]) at 6 features shown in table 3.3 
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Fig. 3.6 Heat map of HER2 status, reach highest ROC-AUC 0.85 (95\% CI = [0.83, 0.88]) 

at 5 PET and 1 MRI features, SVM with RBF kernel model was used in this heat map 

In triple-negative prediction (Fig 3.7 and Fig 3.8), 11 ordered combined features (listed in 

Table 3.2) achieve the peak ROC-AUC value of 0.82 (95 % CI = [0.79, 0.86]). Most of the 

features are again, wavelet analyses based, except the PET image’s Minor Axis and Least 

Axis (Table 3.2). Fig 3.8 is the ROC-AUC heatmap. In this case, the best ROC-AUC value 

of 0.85 (95% CI = [0.82, 0.89]) comes from ten PET features and one MRI feature for 

using SVM with a linear kernel classifier. Overall, it appears that dual-modality models 

perform better than single modality models in all hormone status prediction cases. 
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Fig. 3.7 Random forest-based recursive features elimination on predicting triple-negative 

status, reach highest mean AUC 0.82 (95\% CI = [0.79,0.86]) at 11 features shown in table 

3.3 

 

Fig. 3.8 Heat map of triple-negative, reach highest ROC-AUC 0.85 (95\% CI = [0.82, 

0.89]) at 10 PET and 1 MRI features, SVM with linear kernel model was used in this heat 

map 
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In studies with disease-free survival (DFS) of tumors from one to five years each, the 

highest ROC-AUC values reveal the optimal set of radiomic features needed for predicting 

disease-free survival status. We listed these best performing sets of features, and the 

respective five-fold cross-validation means ROC-AUC values with 95% CI, by years, in 

Table 3.4. We plotted the mean ROC-AUC values vs number of radiomic features’ curves 

in Fig 3.9 through Fig 3.13. To further observe the stability in combining individual 

modality features we show ROC-AUC value heatmaps in Fig 3.14 through Fig 3.18. As 

shown in Table 3.4, the ROC-AUC peak values decrease gradually from the first year 

through the fifth year respectively. This is an expected pattern that the predictability of 

disease-free survival from images decreases by passing years. We observe the same trend 

in our previous studies also [62]. 

 

Fig. 3.9 Random forest-based recursive features elimination on predicting alive in one 

year, reach highest mean AUC 0.82 (95\% CI = [0.80, 0.84]) at 11 features shown in table 

3.4 
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Fig. 3.10 Random forest-based recursive features elimination on predicting alive in two 

years, reach highest mean AUC 0.77 (95\% CI = [0.76, 0.78]) at 5 features shown in table 

3.4 

 

Fig. 3.11 Random forest-based recursive features elimination on predicting alive in three 

years, reach highest mean AUC 0.73 (95\% CI = [0.72, 0.74]) at 5 features shown in table 

3.4 
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Fig. 3.12 Random forest-based recursive features elimination on predicting alive in four 

years, reach highest mean AUC 0.69 (95\% CI = [0.68, 0.70]) at 6 features shown in table 

3.4 

 

Fig. 3.13 Random forest-based recursive features elimination on predicting alive in five 

years, reach highest mean AUC 0.67 (95\% CI = [0.65, 0.68]) at 8 features shown in table 

3.4 
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Fig. 3.14 Heat map of disease-free survival in one year, reach highest ROC-AUC 0.85 

(95\% CI = [0.82, 0.87]) at 1 PET and 10 MRI features 

 

Fig. 3.15 Heat map of disease-free survival in two years, reach highest ROC-AUC 0.78 

(95\% CI = [0.75, 0.80]) at 15 PET and 5 MRI features 
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Fig. 3.16 Heat map of disease-free survival in three years, reach highest ROC-AUC 0.85 

(95\% CI = [0.71, 0.77]) at 10 PET and 20 MRI features 

 

Fig. 3.17 Heat map of disease-free survival in four years, reach highest ROC-AUC 0.72 

(95\% CI = [0.69, 0.75]) at 5 PET and 15 MRI features 
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Fig. 3.18 Heat map of disease-free survival in five years, reach highest ROC-AUC 0.71 

(95\% CI = [0.68, 0.75]) at 5 PET and 10 MRI features 

Table 3.4 Highest mean ROC-AUC for disease-free survival in one to five years predicted 

by SVM with RBF kernel model, and the corresponding number of multi-model features 

 

 

 



49 

 

Table 3.5 Numbers of important radiomic features out of top 100 features ordered by the 

random forest algorithm from each imaging modality against different patient outcomes 

 

3.4 Discussion  

In order to interpret feature importance between PET and MRI on hormone status, we 

compared predictive ability of single modality at the same number of features on heatmap 

and found that PET features performed more important role than MRI features. To be more 

specific, for ER-positive and/or PR positive, 10 only PET features and 10 only MRI 

features reached 0.823 and 0.71 respectively. For HER2 positive status, ROC-AUC values 

of PET versus MRI at 5 features are 0.815 and 0.764. For TripleNeg status, the classifier 

performance of 10 PET features with 0.852 is also better than 10 MRI features with 0.759. 

We also ranked radiomic features and checked the top 100 important features from each 

modality for each outcome. For all the hormone status outcomes, the number of radiomic 

features from PET is much more than features from MRI (Table 3.5), which indicate PET 

features are more important than MRI features. 
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But in disease-free survival outcome, the importance of features from two modalities are 

comparable. We observe a strong association between radiomic features from different 

image modality and predicted outcomes (p=0.0039, χ2 test). 

For the radiomic features we selected in both experiments (Table 3.2, Table 3.3 and 

Appendix B), we found certain types of radiomic features are useful for different type of 

outcomes. In the outcome ER and/or PR positive, the highest rank feature in both MRI and 

PET is mean value under wavelet. That indicates the average pixel value in both modalities 

is important for diagnosing luminal A and B types, which related to ERneg and/or PRneg. 

Also, half of radiomic features (5/10 PET) are GLCM features (Appendix B), which 

including SumEntropy, JointAverage, SumSquare(variance), Autocorrelation. In these 

features, SumEntropy and SumSquare(variance) is used to measure how randomness of 

image and Autocorrelation gives information on coarseness of image texture. For outcome 

HER2 positive, more first-order features (Kurtosis and Skewness) and GLSZM features 

start to show up. The appearance of Kurtosis and Skewness suggest that the distribution 

shape of pixel values plays an important role in predicting HER2 status. Some studies 

[141] reported that GLSZM shows good discrimination ability between homogeneous 

texture and spot like texture. Among the selected feature in predicting triple-negative, we 

found many GLCM features (1/1 in MRI, 7/10 in PET) too. That may due to there is a 

large overlap between ERneg and/or PRneg patients and TripleNeg patients. Compared 

with selected features for ERneg and/or PRneg prediction, we found that GLCM_IDMN 

and GLSZM features appeared in TripleNeg feature list. These features measure the local 

homogeneity of image. In all disease-free survival outcomes, radiomic features diversified 
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into different types of radiomic features. Within all these features, 

GLCM_ClusterTendency, GLCM_ClusterShade (Appendix B) and 

GLCM_Autocorrelation (Table 3.3 and Appendix B) appear at very high order in feature 

list. All these features together are believed to gauge a group of pixel clusters. [142] [143] 

That means the measurement of the cluster on PET or MRI, which also indicates gathering 

pixel or small nodules on tumor lesion, is crucial for predicting patient's disease-free 

survival. High-value pixels gathering togethering on breast image always describe as a 

smooth or lobulated border of tumor which more likely indicates a benign condition. On 

the other hand, irregular or speculated border always appears on malignant lesions. [144] 

Seven hundred and eight radiomic features were extracted from each of PET and MR 

images in this study. By comparing the radiomic feature values of all patients, we found 

that some feature values are very similar to each other across all patients. Similar 

phenomenon can be seen in other research. In a non-small cell lung cancer study [84], 

Aerts et al. removed 4 highly correlated features out of 15 that had a mean Pearson 

correlation coefficient of higher than 0.95 to only retain those radiomic features that have 

independent predictability. In another review paper [85] [86], Gillies et al. pointed out that 

to avoid the danger of overfitting analyses, the dimensionality of radiomic features should 

be reduced by prioritizing the features. Removing the redundant radiomic features will help 

to build a simple classifier and thus reduce overfitting and facilitate generating a non-

redundant set of radiomic features. Our feature selection process was inspired by those 

studies. In our work, we used random forest algorithm to rank these features based on their 

importance. We eliminated features recursively until the most important features are left. 
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Random forest algorithm has shown high predictive performance in many radiomics and 

biomedical applications studies [87] [88]. In the first classification experiment, we selected 

the optimal set of radiomic features. Tables 3.2 and 3.3 show that for all types of outcomes, 

both PET and MRI radiomic features appeared in the optimal set. This indicates that dual-

modality radiomic features can provide more information than any single modality feature 

set since PET and MRI captured different intrinsic information about a tumor. We also 

observed similar results in our previous study [62]. However, in the current study, we have 

found that many wavelets based features are important in the prediction that we could not 

include in that previous work. 

In the second set of experiments, we compared the prediction performance of ranked 

radiomic features from each imaging modality. We find that the mean ROC-AUC values 

for a different number of PET features are relatively higher compared to that from a similar 

number of MRI features. For example, in Fig 3.4, the mean ROC-AUC values in row one 

are relatively higher than that in column one. This phenomenon is also observed in SVM 

models for all hormone status heatmaps. Along with the results from Table 3.2, we can 

conclude that radiomic features derived from PET play a more important role predicting 

characterization of breast cancer, such as hormone outcome than that from MRI features. 

This high correlation between hormone status and PET radiomic features maybe because 

PET images reveal the metastatic condition [89], and MRI images reveal more texture on 

the local tumor. Our study also showed that hormone status is highly related to PET and 

MRI image texture, which is represented by different radiomic features. In one PET study 

[90], Antunovic et al. have also evaluated PET radiomics in predicting hormone status and 
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a significant association was observed between image features and luminal-A and luminal-

B HER2 negative molecular subtype and that suggest a complementary role of standard 

PET imaging parameters and radiomic features for the in vivo biological characterization 

of breast cancer tumor. In both sets of experiments, we observed that the predictive 

capability of radiomic features decreases as the years of disease-free survival increase. Our 

results presented in all heatmaps have shown that the classification model built upon dual 

modalities radiomic features outperformed that from any single modality set of features (in 

zeroth row or column). This may be because the radiomic features from two modality 

images play a complementary role to each other. This phenomenon also reported in another 

multimodal radiomics study [91] in advanced non-small cell lung cancer patients. In two 

similar breast cancer DCE-MRI studies [70] [92], less radiomic features (85 and 56) in one 

image modality were used to differentiate triple-negative cancers and another hormone 

status by SVM model. In our study, our SVM model used more radiomic features and 

achieved a higher classification performance with ROC-AUC 0.85 (95 % CI = [0.83, 0.88]) 

and 0.85 (95% CI = [0.82, 0.90]) which show in Fig 3.6 and Fig 3.8. This indicates the dual 

modalities and high order features we used in this study can help to improve SVM model 

classification performance. 

There are some limitations to this study. To extract radiomic features in the same standard 

way, an image interpolation algorithm was used to resample the PET and MRI images into 

the same isotropic voxel size. However, this process may introduce interpolation effects 

and thus affect the accuracy in computing radiomic features. Also, due to the data 

imbalance, the over-sampling (SMOTE) algorithm was used to balance the data set. That 
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may also affect the prediction accuracy of machine learning models. Finally, the stability 

of the models and prediction accuracy may be tested with much larger data sets. However, 

our methodology provides a path and a workflow for such a large-scale study, and our 

results are significant enough to warrant such a radiomics study. 

3.5 Conclusion 

In this study, we wanted to explicitly understand the machine learning algorithms and 

radiomic features that are important for detecting various outcomes in breast cancer so that 

radiologists may focus their attention on certain types of algorithms and corresponding 

features. Because deep learning models are black boxes that cannot generate statistically 

explicit features, we selected non-overlapping and only important sets of radiomic features 

for four different outcomes, including multiple years of disease-free survival, by random 

forest-based recursive feature elimination algorithm. And these features and combined 

machine learning algorithms could be potentially used for predicting breast cancer 

outcomes in the future. For each such outcome, non-trivial dual-modality image features 

based model outperformed single modality feature-based models. In hormone status 

prediction, radiomic features derived from PET provides a somewhat more important role 

in predicting hormone status of breast cancer than MRI radiomic features. Ultimately, 

selected PET and MRI based radiomic features have potential value for developing a 

purely imaging-based breast cancer prognosis model.  
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Chapter 4 

Mask-guided convolutional neural network for 

breast tumor prognostic outcome prediction on 3D 

DCE-MR images 

Our contribution in this chapter is we proposed a novel 3D-CNN architecture and show 

that the accuracy of our proposed mask-guided classification (MGC) was better than that 

from the full image without tumor masks (including background), or only the masked 

voxels. We conclude that an image-based prediction model using 3D-CNN could be 

improved by a conservatively-generated mask instead of overly trusting 3D-CNN’s 

attention to a random volume of 3D images. And more importantly, this architecture is able 

to use on classifying prognostic outcomes of fuzzy tumors, such as invasive tumors. 

4.1 Introduction 

Breast cancer is the most common non-skin cancer in adult women worldwide and the 

second leading cause of cancer deaths in women [93]. Among various medical imaging 

tools for breast cancer, dynamic contrast-enhanced magnetic resonance imaging (DCE-

MRI) is a high sensitivity and high-resolution modality for all breast tissues. DCE-MRI is 

highly sensitive for detecting breast cancer, particularly in high-risk populations with a 
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higher sensitivity than those of mammography and ultrasound [94] [95]. Since DCE-MR 

images contain rich information about tumor perfusion and heterogeneity [96], they may 

contain features that are visually hidden, but highly correlative with tumor phenotype and 

prognosis. The entire field of radiomics is based on the ability to find associations between 

imaging data and outcomes, though the little comparison of the methods revealing those 

associations has been published. 

Classification models based on convolutional neural network (CNN) architectures have 

shown potential solutions for revealing the hidden relationship between breast tumor 

prognosis and medical images [97]. Commonly used 2D CNN architectures only use the 

spatial information in an axial plane without evaluating the pixel correlation in the coronal 

plane and sagittal plane. And it has been shown that 3D-CNN outperforms 2D-CNN 

methods in many other studies [98][99]. However, most of these studies present 3D-CNN 

as a black box and did not visually explain where the architecture’s attention lies in those 

images. 

In reality, most of the tumor datasets contain invasive and noninvasive tumor tissues within 

the same field of view. For example, 80% of breast cancers are categorized as invasive 

breast cancer, which tends to grow out of the originated lesion. The current methods are 

not specifically designed for classifying the tumor outcome within invasive and 

noninvasive tumor datasets. Some of those studies cropped only the tumor volume out of 

the entire image set acquired regardless of the correlation between the tumor and 

surrounding tissue [100]. Some other studies applied 3D-CNN on classifying disease 

outcomes for volumetrically diffusive conditions like Alzheimer’s disease. [99] [101] 
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Therefore, classifying disease outcomes using tumors that contain both invasive and 

noninvasive tumor tissues still lack extensive studies. 

We have previously established the ability of radiomics combined with conventional 

machine learning classification models on MR and positron emission tomography (PET) 

images acquired at the time of diagnosis to predict various breast cancer outcomes, 

including survival [101]. In this chapter, we propose to use a new tumor mask-guided 3D-

CNN architecture for tumor outcome prediction from breast DCE-MRI, which improves 

the classification performance and, more importantly, guides the 3D-CNN’s attention 

directly to the breast tumor. We generated a tumor mask first using difference between pre- 

and post-contrast DCE-MR images and then validated by experienced radiologists. We 

consider the attention of the 3D-CNN is the highlighted region on activation map [102].  

Our mask-guided 3D-CNN architecture is a classification method based on maximizing 

Dice coefficient [103] between mask and highlighted attention of the 3D-CNN. More 

details of activation map and mask guided mechanism are shown in 4.3.1. In this way, we 

were able to guide the attention of 3D-CNN from outside of the tumor to the region which 

is highly related to the tumor. In this study, we found that our mask-guided 3D-CNN 

approach outperformed the unguided 3D-CNN approach and tumor volume-only approach 

in classifying various breast cancer outcomes, including cancer recurrences and human 

epidermal growth factor receptor 2 (HER2) status. 
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4.2 Methods 

4.2.1 Backbone architecture 

We chose a modified 3D-VGGNet [105] [106] for binary classification studies as a 

backbone architecture in this study. To visualize the highlighted region for breast cancer by 

3D-CNN, we replaced fully connected layers with global average pooling layers as shown 

in Fig 4.1. Particularly, the input images pass through 4 blocks constructed by 3D 

convolutional layers and 3D max-pooling layers. And then the architecture was followed 

by one global average pooling layer, batch normalization layer [107], dropout layer (0.5 

dropout rate) [108] and the softmax output layer. For tuning of the 3D-CNN, we used 

Adam optimizer with a 0.000025 learning rate. We trained 250 epochs with 10 batch sizes. 
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Fig 4.1. Modified 3D VGGNet backbone architecture 
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4.2.2 Visualization 

In 3D-CNN medical image analysis studies, one of the major problems is the lack of 

transparency inside the neural network. In this study, we used the class activation map 

(CAM) with global average pooling (GAP) [102] to visualize discriminative image regions 

by 3D-CNN. A global average pooling layer and a fully connected layer were added at the 

end of the last 3D convolutional layer. This design allowed projection of class label 

weights of the output layer onto the activation maps in the convolutional layer and 

therefore enabled us to identify the important image region by projecting back the weights 

of the output layer onto the 3D convolutional feature maps.  

4.2.3 Loss function 

To test if the mask-guided mechanism is able to help increase the model classification 

performance, we investigated the visualization explanation and classification performance 

of the mask-guided 3D-CNN by comparing three different models. The summary of these 

three models is shown in Fig. 4.2 and Table 4.1. All of these models that classified breast 

cancer prognostic outcomes were based on the backbone modified 3D-VGGNet 

architecture mentioned above. We adjusted the dimensions of input images for different 

models. In the no-mask model (Table 4.1), we took the whole 3D DCE-MRI images as 

input. And we selected binary cross-entropy function calculated by the probabilities output 

and the ground truth labels as a loss function (Function 1). For the mask-only model, we 

used the 3D tumor boundary boxes as input. 3D tumor boundary boxes were resized into 

128*128*128 before feed into the 3D-CNN network by spline interpolation. The mask-
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only model used the same loss function as the no-mask model did. Finally, in our proposed 

mask guided model, we again used 3D DCE-MRI images as input. To guide the attention 

of the 3D-CNN on the tissue highlighted by contrast-enhanced tissue, we created a loss 

function that is able to minimize the cross-entropy and the area difference between class 

activation map and the tumor mask generated by contrast-enhanced breast tissue at the 

same time. Dice coefficient (DiceCoef) value between class activation map and mask was 

generated as following steps. First, the 128 filters of last convolutional layer (8*8*8*128) 

were taken average (8*8*8*1) and resized into 128*128*128 to fit the dimension of mask. 

Then the 128*128*128 tensor was flattened into one dimension tensor and batch 

normalized on its mean and variance. Finally, this one dimension tensor was processed by 

sigmoid function. Therefore, DiceCoef function is able to apply between activation map 

and label mask. The loss function was shown below (Function 2) and we used a fixed 

hyperparameter λ = 10. We found that it is adequate to set this hyperparameter λ such that 

the magnitude of the two-term in function 2 is balanced into similar scales. 

 

Fig 4.2. The schema for our proposed architecture. Model 1 and 2 used models without the 

dashed lines. Model 3 used a model with the dashed line. 
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Table 4.1. Input, output and loss function difference of three models 

 Input Output layer Loss function 

Model 1: No 

mask model 

3D MRI images The output of a 

fully connected 

layer 

Cross entropy between the true 

label and predictive label 

(function 1) 

Model 2: 

Mask-only 

model 

Only voxels 

within the 

boundary box 

of tumor mask 

The output of a 

fully connected 

layer 

Cross entropy between the true 

label and predictive label 

(function 1) 

Model 3: 

Mask guided 

model 

3D MRI images The output of a 

fully connected 

layer and last 

Conv. output 

1: Cross entropy between the true 

label and predictive label 

2: Dice coefficient between tumor 

mask and 3D CNN activation map 

(function 2) 
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Function 1:        𝐶𝐸	(𝐂𝐫𝐨𝐬𝐬	𝐄𝐧𝐭𝐫𝐨𝐩𝐲) = − 	𝐿2 ∗ 𝑙𝑜𝑔(𝑃2)
8
29:  

Function 2: Loss = CE (label, prediction) - λ * DiceCoef (class activation map, mask)  

CE: cross entropy, i: different images, L: label, P: prediction  

DiceCoef (mask1, mask2) = 2 * |mask1 ∩ mask2| / (|mask1| + |mask2|) 

Objective function = Adam optimizer + Loss 

4.3 Experiment and Results 

4.3.1 Dataset 

We evaluated the classification performance of mask-guided model on 3D DCE-MR breast 

images, which consists of a collection of 115 pre-contrast (T1), early post-contrast (T2) 

and late post-contrast (T3) DCE-MRI images. In this study, we predicted recurrence 

(pos/neg = 35/80) and HER2 status (pos/neg = 30/79) as our target labels. 

To generate the tumor volume mask, we subtracted the early post-contrast image at T2 

from the background (T1) to get the contrast-enhanced image. We set the contrast 

threshold at 70%, accounting contrast greater than 70% contrast enhancement threshold as 

a tumor [109].  We segmented breast tissue using a Fuzzy C-mean algorithm and created a 

tumor volume mask to guide the model. Due to the peak contrast of breast tissue that 

appears at early post-contrast (T2), we chose T2 as the training input image for our 

analysis. T1 and T3 images were not selected as input images because the contrast was not 
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reached peak and therefore these two-time points are not able to show the tumor clearly. To 

generate input images for mask-only model, we cropped the tumor from DCE-MRI images 

and made sure the breast tumor at the center of the boundary box. 

A total of 115 subjects were randomly shuffled and divided into training and validation 

datasets by five-fold cross-validation. We then developed a 3D data augmentation method 

and generated 92(four folds) * 34 = 3128 training images and 23 images for testing. By 

doing 3D data augmentation, we assume the orientation of the tumor will not affect the 

classification performance of 3D-CNN. This assumption is based on other 3D-CNN studies 

in medical imaging field [139] [140]. To be specific, we first rotated the original 3D 

images four times in horizontal surface. Because there are six faces in a 3D cube, we were 

able to generate 4 * 6 = 24 augmented images. Second, we shifted the original 3D image 

along the directions of eight cube angles. We shifted 10 pixels along x, y, z-axis as follow 

([[10, 10, 10], [10, 10, -10], [10, -10, 10], [10, -10, -10], [-10, -10, -10], [-10, -10, 10], [-10, 

10, -10], [-10, 10, 10]]). We generated 8 new images in this process. Finally, we rotated the 

original 3D original image 10 degrees clockwise and anticlockwise on the horizontal 

surface and produced two more images. Using these three processes, we augmented each 

image 24+8+2=34 times.  

4.3.2 Visualization results 

After we trained our model to predict the prognostic outcome labels, we visualized our 

attentions of no-mask and mask-guided models on the original image. The heatmap images 

in Fig. 4.3 show the attention of no-mask model and mask guided model. This result 
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indicated the mask-guided technique was able to guide the attention of 3D convolutional 

neural network onto the tumor (d) instead of the non-relevant region such as lung or region 

outside of the breast tissue (c). 

     

                                       a                       b 

      

          c            d 

Fig 4.3. the activation of no-mask model and mask guided model (a) shows an MRI image 

of breast, (b) shows the tumor mask on figure 4.3(a), (c) demonstrates class activation map 

of no-mask model is outside the breast tissue, and (d) demonstrates class activation map of 

mask guided model is moved on the tumor mask 
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4.3.3 Accuracy results 

We used five-fold cross-validation to evaluate the classification of the mask-guided 

technique. We compared the predictive performance of three 3D-CNN models on two 

prognostic outcomes. The results are shown in tables 4.2 and 4.3. The prediction was 

measured by the area under the receiver operating characteristic curve (AUC) and 

classification accuracy (ACC). Five-fold cross-validation was conducted to calculate the 

standard deviations. 

Table 4.2. Classification performance of three models on predicting recurrence in five 

years 

 ACC(training) ACC(testing) AUC(training) AUC(testing) 

Model 1 0.798 

(stdev 0.038) 

0.758 

(stdev 0.065) 

0.822 

(stdev 0.046) 

0.798 

(stdev 0.077) 

Model 2 0.783 

(stdev 0.027) 

0.672 

(stdev 0.169) 

0.810 

(stdev 0.043) 

0.705 

(stdev 0.184) 

Model 3 0.823 

(stdev 0.036) 

0.796 

(stdev 0.076) 

0.844 

(stdev 0.041) 

0.828 

(stdev 0.068) 
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Table 4.3. Classification performance of three models on predicting HER2 status 

 ACC(training) ACC(testing) AUC(training) AUC(testing) 

Model 1 0.776 

(stdev 0.034) 

0.749 

(stdev 0.071) 

0.801 

(stdev 0.046) 

0.778 

(stdev 0.065) 

Model 2 0.766 

(stdev 0.045) 

0.638 

(stdev 0.157) 

0.790 

(stdev 0.082) 

0.695 

(stdev 0.128) 

Model 3 0.781 

(stdev 0.046) 

0.762 

(stdev 0.066) 

0.812 

(stdev 0.051) 

0.781 

(stdev 0.036) 

 

4.4 Discussion 

Our results showed that the mask-guided model successfully guided the activation of the 

3D-CNN model onto the tumor volume rather than the surrounding tissue. We then further 

demonstrated that the tumor mask-guided model improved the prediction of the HER2 

breast cancer subtype on a small 3D DCE-MRI dataset. The use of 3D augmentation 

created training samples and minimized the potential over-fitting issue for a small dataset 

in this study. 

For the visualization results, the heat-map in Fig 4.3(c) showed that the no-mask model 

directed the activation to the edge between the breast and the background, which indicated 

the no-mask model classified the tumor based on the image information outside of the 



68 

 

tumor. This may due to the small size of the training dataset (n=115). Another novelty of 

the present study is that, unlike other prognostic outcome classification studies [110] [111], 

we used full 3D images for training. This high dimensionality of training images may 

direct the model's activation toward the region of interest. As the original manually drawn 

masks may have been done conservatively, the neural network found the tumor region of 

interest (Fig 4.3(d)), which may be strongly correlated to the breast cancer sub-type 

characteristics.  The resulting performance was improved in both accuracy (ACC) and 

prediction (AUC) compared to the other models (Table 4.3). 

Results shown in Table 4.2 demonstrated that the mask-guided model outperformed the 

other two models in predicting 5-year disease-free survival (DSF) in our cohort of breast 

cancer patients. Model 3 (mask-guided) was better than Model 1 (no-mask) because the 

mask-guided model used the voxels within the tumor that were related to treatment 

response. Compared to Model 2 (mask-only), Model 3 (mask-guided) classified the 

outcome not only based on the tumor tissue within the boundary box, but it also assesses 

the surrounding activated stroma that may also relate to DFS [112]. 

We used a tumor mask in our loss function, therefore when we test our architecture on 

testing dataset or deploy it in the real world, tumor mask is not needed. We believe this is 

the most important contribution of our novel architecture. Because in this way, we are able 

to integrate prior knowledge we learned from doctor, such as the tumor position, into deep 

learning architecture. And the knowledge we get from the mask which is used to train this 

CNN will melt into the parameters, such as bias and weights. 
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Our mask-guided model was designed for the task when the irregular or diffuse tumors 

spanning within a small region within a breast. In this study, we used a contrast difference 

between the early post-contrast image at T2 and pre-contrast T1 to generate the breast 

tumor masks. This method was able to highlight the suspected tumor tissue on the DCE-

MRI. However, this segmentation algorithm could form an irregular tumor mask or have 

multiple small regions of tumor tissues for some patients. Due to the varying size of the 

tumor chunks within one patient and between patients, the existing CNN model could only 

handle two solutions: no-mask model or mask-only model. No-mask model did not use the 

prior tumor knowledge we generated from DCE-MRI, and for mask-only model, a 

necessary image-resizing step may introduce noise into the dataset before training. 

Therefore, it is advantageous to use the mask-guided technique on 3D images that do not 

require tumor resizing and fully use all critical information we obtained from DCE-MRI 

for accurate classification and prediction. 

4.5 Conclusion 

In this chapter, we proposed a novel 3D-CNN architecture which used the tumor mask as a 

guide to direct 3D-CNN’s activation for classification. We observed that the mask-guided 

model was able to focus the activation within the breast tumor and achieved better 

classification ability than 3D-CNN model built from the full image without tumor masks 

(including background), or from only the masked voxels. This technique may help to 

increase the accuracy of classification performance on prognostic tumor outcomes in the 

DCE-MRI dataset that we tested. 
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Chapter 5 

Radiomics-based machine learning models on 

predicting prognostic outcomes of neuroblastoma 

Our key contribution in this chapter is to answer one of the main questions regarding 

popular CNN architecture on a small neuroblastoma dataset, which is a comparison of the 

abilities of classification between 3D radiomics based model and 2D CNN feature-based 

model. We have found that the classification ability of 3D radiomics based model performs 

better than 2D CNN features based model as expected. Among all radiomics models, the 

radiomics based neural network method outperformed the other algorithms in predicting all 

outcomes except classifying grade of neuroblastic differentiation for which elastic 

regression model performed best. 

5.1 Introduction 

Neuroblastoma is the most common extracranial malignant solid tumor in children and is 

responsible for approximately 15% of all childhood cancer deaths [113]. It derives from 

adrenal glands or nerve tissue around the spine and creates masses in the neck, chest, 

abdomen or spine. Neuroblastomas have a high degree of heterogeneity concerning both 

histology and clinical behavior [114] [115]. Thus, clinical staging only based on the tumor 

encasement or invasion, such as the international neuroblastoma risk group (INRG) staging 
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system, may overlook the tumor heterogeneity and is not sufficient for prognosis 

assessment [116]. It is possible that some tumors have a poor prognosis while some other 

tumors have a good response to treatment or even the possibility of self-regression and 

benign transformation in the same INRG stage [117] [118]. Therefore, assessment of 

multiple prognostic factors is very important to evaluate for pre-treatment risk stratification 

and to allow the doctors to intervene highly malignant tumors early and effectively. In 

addition to the clinical staging, more risk factors have been found to be associated with 

prognosis [119]. For example, histologic indicators, grade of neuroblastic differentiation, 

and mitosis-karyorrhexis index (MKI) were found to have prognostic value in 

neuroblastoma patients [120]. However, it is not easy to establish the relationship between 

the neuroblastoma tumor heterogeneity and prognostic outcomes. 

Radiomics is a promising way to assess the intratumoral heterogeneity through imaging 

and to assess prognosis [119]. Instead of analyzing small tissue samples from biopsy, 

radiomic features are derived from the entire tumor volumes. Thus, radiomics can provide 

important heterogeneity information of the entire tumor. Many studies [121] [122] [123] 

have shown highly correlated relationships between radiomics and different prognostic 

variables such as hormone status, tumor proliferation, and gene expression patterns. For 

example, one study [121] has shown that radiomics is highly correlative with 

overexpression of epidermal growth factor receptor (EGFR), a known therapeutic target. 

Although there are many radiomics studies for predicting disease outcomes, little is known 

for radiomics implication on neuroblastoma. 
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Convolutional neural networks (CNN) is another potential solution for processing medical 

images to evaluate prognostic outcomes. CNN takes only tumor scans and disease labels as 

input and output and trained the architecture end to end. Although deep learning models 

like CNN depend on large datasets for training, it has been shown that transfer learning 

techniques based on large datasets, such as ImageNet, can be applied to reduce the demand 

for large amounts of training data [124]. We present a predictive model based on pre-

trained 2D CNN architecture. And we also compared the classification performance of the 

2D CNN model with 3D radiomic features based model. 

Our investigation is the first study to look into the 3D radiomic based features and 2D 

CNN based features of pediatric neuroblastoma on CT scans and an attempt to identify 

relationships with histopathology and clinical outcomes. In this study, we hypothesized 

that computed tomography (CT) based radiomic features are able to represent the tumor 

heterogeneity, and we investigated six prognostic outcomes including presence of image-

defined risk factors (IDRF), grade of tumor differentiation, presence or absence of 

metastases, mitosis karyorrhexis index (MKI), amplification of the MYCN oncogene, and 

overall survival (presence/absence of death). We used a nested cross-validation approach 

[125] to select the best parameter for different machine learning models and compared the 

classification performance of these models on each outcome. The most appropriate model 

for different outcomes was selected. Finally, we also provide our perspectives on why 

specific algorithms perform better or worse for each outcome in the neuroblastoma CT 

data. 
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5.2 Methods 

5.2.1        Dataset 

A retrospective cohort study included patients enrolled at a tertiary care academic pediatric 

hospital from 2000-2015 with pathology-proven neuroblastoma. A total of 65 pediatric 

patients (age range 0-16.3 years, mean age 2.6 years, 31 males and 34 females) met 

inclusion criteria. The data of 35 patients were collected at UCSF Benioff Children’s 

Hospital-San Francisco, and the other 30 patient data were collected at UCSF Benioff 

Children’s Hospital Oakland. Data collected in this cohort included pre-surgery CT 

images, clinical and histopathology information. All clinical outcome data were collected 

from the electronic health record. 

In this study, we investigated the following six prognostic outcomes. The presence of an 

image-defined risk factor (IDRF) is a surgical risk factor detected with imaging at the time 

of diagnosis [126]. The presence of IDRF mainly evaluates if the neuroblastomas encase 

the surrounding vessels or organs, and is one of the important factors to stratify 

neuroblastoma. The grade of neuroblastic differentiation determines the neuroblastoma 

pathology differentiation, which describes the maturity of the cancer cell. And poor 

differentiation indicates that tumor cells tend to grow fast and have a poor prognosis for 

patients. The presence of metastases represents if the neuroblastoma has spread outside of 

the primary tumor and if it can be found in other tissues on CT images. The MKI refers to 

the combined number of cells in mitosis or undergoing karyorrhexis, based on evaluation 

of 5,000 tumor cells. MKI results are then classified as: low (< 2% or <100/5000 cells) or 
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intermediate (> 2% and <4% or 100~200/5000 cells) or high (>4% or >200/5000 cells). In 

this dataset, we do not have high MKI patients. The determination of the MKI involves a 

manual count of sufficient microscopic fields to include 5000 cells. MYCN is a gene that is 

overexpressed in a number of different types of cancers, most notably neuroblastoma. In 

neuroblastoma, the MYCN amplification is an established indicator of poor prognosis. 

Overall survival indicates the presence or absence of death until the last clinical visit (the 

year 2018). The statistic detail of all the outcomes in this dataset is shown in Table 5.1. 

Table 5.1. The statistics of prognostic outcomes in the neuroblastoma dataset. 

Prognostic outcomes Good prognosis Poor prognosis Unknown 

Presence of IDRF No: 12 (19%) Yes: 53 (81%)   

Grade of neuroblastic 

differentiation 

Well: 55 (84%) Poor: 7 (11%) Unknown: 

3 (5%) 

Presence of metastases No: 41 (63%) Yes: 24 (37%)   

MKI Low: 41 (63%) Intermediate: 17 (26%) Unknown: 

7 (11%) 

MYCN status Normal: 45 (69%) Amplified: 11 (17%) Unknown: 

9 (14%) 

Overall survival 

(presence/absence of death) 

No: 56 (86%) Yes: 9 (14%)   
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5.2.2        Segmentation and radiomic features extraction 

Primary tumor foci were hand-segmented from initial staging CT scans using the freely 

available open-source software package, 3D-slicer (https://www.slicer.org) software. A 

subspecialty-trained pediatric radiologist with over 8 years of experience independently 

reviewed the hand-segmented primary tumors for accuracy. A neuroblastoma primary 

tumor segmentation example is shown in Fig 5.1. Computationally-derived radiomic 

features extraction was performed using the Pyradiomics library [127], an extension of 3D-

slicer, with a total of 105 quantitative features. We extracted all 105 3D radiomic features 

to characterize tumors, and these features can be categorized in the following classes: 18 

first-order statistics features, 13 shape-based features, 23 Gray Level Co-occurrence Matrix 

(GLCM), 14 Gray Level Dependence Matrix (GLDM), 16 Gray Level Run Length Matrix 

(GLRLM), 16 Gray Level Size Zone Matrix (GLSZM), 5 Neighboring Gray Tone 

Difference Matrix (NGTDM). The descriptions and mathematical formulas of all radiomic 

features are defined in the Zwanenburg review paper [128]. In short, the first-order 

statistical features capture image signal intensity and the distribution of the tumor intensity. 

The shape features describe the 3D geometric shape of a tumor. And the other features 

derived from GLCM, GLDM, GLRLM, GLSZM, and NGTDM present the spatial 

relationship information between neighboring voxels within the tumor region. All of these 

radiomic features together characterize the heterogeneity of tumor. Radiomic features were 

normalized to standard z-score before building outcome classifiers. 
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Fig. 5.1. Original images and manual segmentations for neuroblastoma on CT image in 

axial, sagittal, and coronal positions. 

 

5.2.3        Classifiers and metrics 

We performed six machine learning models and one deep learning model to classify the 

prognostic outcomes, as we listed in Table 5.1. The machine learning algorithms we 

selected include multi-layer neural network, lasso regression, elastic regression, logistic 

regression, random forest, and support vector machine classifier. We designed a three-layer 

neural network architecture containing a single hidden layer with 10 hidden units. The 

activation function of the hidden layer was sigmoid. The learning rate and momentum in 

the back-propagation process were set as 0.1 and 0.2. To select radiomic features, the 

regularization method was embedded in classifiers. The hyperparameter of other 

algorithms was selected by grid search approach. Grid search is an approach that can 

configure optimal hyperparameters by scanning a set of potential hyperparameters. Nested 
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cross-validation and grid search algorithm [125] were used to optimize the best-performed 

parameters. To reduce the potential overfitting, we applied nested cross-validation 

approach to split the data into training and validation groups repeatedly. In this study, we 

used five-folds outer cross-validation and three folds inner cross-validation to analyze the 

performance of our models. The grid search algorithm is a search algorithm to select the 

optimally performing hyperparameters. Inner cross-validation together with grid search is 

used to tune the parameters in different machine learning models. 

For the CNN model, we decided to use a standard 2D CNN model to predict prognostic 

outcomes directly from the CT image instead of the 3D CNN model in this study due to the 

availability of a pre-trained model. To ensure that the extracted features correspond to the 

same spatial information across all images, we used the fixed-size bounding box image 

(224 * 224) to crop the tumor out of each slice. We made sure that the tumor is in the 

center of the bounding box. We cropped 1625 2D tumor images from 65 neuroblastoma 

CT cases. We used VGG19 model [129] to extract deep features of neuroblastoma images. 

The VGG19 model contains five blocks, each of which contains two or four convolutional 

layers and one max pooling layer. We added three fully connected layers at the end of last 

convolutional layer. VGG19 model takes 2D image input to three RGB channels. In this 

study, the input images were duplicated across the three channels since they were in 

grayscale. All the parameters in VGG19 model were pre-trained by ImageNet dataset. We 

used VGG19 default hyperparameters [129] and added a fully connected layer with two 

neurons at the end of the VGG19 architecture. The synthetic minority over-sampling 

technique (SMOTE) [130] was used to balance the predictive label. The area under the 
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receiver operator characteristic curve (ROC-AUC) was selected as the model evaluation 

metric to quantify the predictive performance of different models. Each experiment was 

repeated ten times to evaluate the mean and standard deviation value of ROC-AUC. For 

CNN model, we first calculated the mean prediction score of 25 images on each patient and 

then generate the mean and standard deviation of ROC-AUC result for all 5-folds testing 

datasets. 

5.3 Results 

We compared the performances of six radiomics based machine learning models and one 

2D CNN based model in classifying six known prognostic outcomes. The results are 

shown in Tables 5.2 and 5.3. Among all of the models, the multi-layer neural network 

outperformed all of the other models in predicting all of the outcomes except the grade of 

neuroblastic differentiation for which the radiomics-based elastic regression approach 

outperformed all other approaches. Specifically, the multi-layer neural network model 

reached mean AUCs of 0.76±0.021, 0.83±0.031, 0.66±0.031, 0.77±0.038, 0.79±0.045 in 

predicting presence of image- defined risk factor (IDRF), the presence of metastases, 

mitosis-karyorrhexis index (MKI), presence or absence of MYCN gene amplification, 

overall survival (presence/absence of death), respectively. The elastic regression model 

achieved the best performance at 0.82±0.044 in predicting the grade of neuroblastic 

differentiation. When we compare the best 3D radiomics based multi-layer neural network 

model with 2D CNN based model (directly on tumor images), the results in Table 5.2 and 
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Table 5.3 demonstrate that the radiomics based neural network model outperformed the 2D 

CNN based model in classifying all prognostic outcomes. 
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Table 5.2. mean ROC-AUC value table of machine learning model versus prognostic outcomes 

(bolded text meaning is the highest on each outcome, standard deviation values are in parentheses) 

  Neural 

network 

Lasso 

regression 

Elastic 

regression 

Logistic 

regression 

Random 

forest 

Support 

vector 

machine 

Presence of 

IDRF 

Grade of 

Neuroblastic 

differentiation 

Presence of 

metastases 

MKI 

 

MYCN status 

 

Overall survival 

(presence/absen

ce of death) 

0.76  

(0.021) 

0.80 

(0.047) 

 

0.83 

(0.034) 

0.66 

(0.031) 

0.77 

(0.038) 

0.79 

(0.045) 

0.64 

(0.033) 

0.75 

(0.040) 

 

0.81 

(0.043) 

0.61 

(0.042) 

0.72 

(0.048) 

0.72 

(0.058) 

 0.75 

(0.025) 

0.82 

(0.044) 

 

0.79 

(0.048) 

0.60 

(0.036) 

0.73 

(0.052) 

0.72 

(0.063) 

  

0.66  

(0.045) 

0.79  

(0.038) 

 

0.68  

(0.053) 

0.64  

(0.045) 

0.67  

(0.031) 

0.71  

(0.041) 

0.71  

(0.038) 

0.78  

(0.051) 

 

0.81  

(0.028) 

0.62 

(0.047) 

0.66 

(0.053) 

0.65 

(0.055) 

  

 0.73  

(0.273) 

0.78  

(0.066) 

 

0.78  

(0.061) 

0.60  

(0.039) 

0.71  

(0.043) 

0.76  

(0.039) 
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Table 5.3. Mean ROC-AUC results of the 2D CNN model. Standard deviation values are in 

parentheses. 

Prognostic outcomes ROC-AUC value 

Presence of IDRF 

Grade of Neuroblastic differentiation 

Presence of metastases 

MKI 

MYCN status 

Overall survival (presence/absence of death) 

0.71 (0.028) 

0.76 (0.022) 

0.78 (0.025) 

0.63 (0.011) 

0.74 (0.018) 

0.75 (0.028) 

5.4 Discussion 

In Table 5.2, we observed that the neural network model predicted most outcomes within 

the range of 0.76 to 0.83. That was one of the highest among all machine learning 

algorithms in all of the outcomes except the grade of neuroblastic differentiation. Similar 

capabilities of the neural networks have been reported within many research areas of 

bioinformatics such as disease classification and identification of biomarkers [131]. We 

also find that the lasso regression and elastic regression models, which are logistic 

regression model with L1 or L2 regularizations respectively, perform better than the pure 

logistic regression models without regularization except for MKI. This proves that L1 or 

L2 regularizations are able to help to reduce the overfitting problem. 

Compared to the 3D radiomics based neural network model, the 2D CNN image-based 

model resulted in poorer classification performance. This is likely because of the following 
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three reasons. First, 3D radiomics could analyze texture statistics on 3D neuroblastoma 

tumors, which is in a higher dimension than what 2D CNN analyzed. The 3D radiomics 

technique is able to describe not only relationships between voxels within the same slice 

but also the relationship between voxels in the neighboring slices. Second, 2D CNN model 

is trained on 2D images containing adjacent tissue other than neuroblastoma tumors that 

may have potentially introduced noise into the training dataset, especially for a relatively 

small amount of training dataset. Third, due to the heterogeneity of neuroblastoma, the 

prognostic outcome label for the whole tumor may not be the same as that in only one slice 

of that tumor. In this study, we used patients’ outcomes to label 2D images. This may 

result in some images in the training data being potentially mislabeled. 

Among different outcomes, our neural network model was able to classify the presence of 

metastases with a high ROC-AUC value (0.83). We found that CT radiomic features have 

a good capability to predict the presence of metastases. Similarly, a high correlation 

between the presence of metastases and CT radiomic features can also be found in many 

other studies. [132] [133] The presence of image defined risk factors (IDRF) in 

neuroblastic tumors depend on the severity of primary neuroblastoma encasing multiple 

neighboring organs. The presence of IDRF has strong correlation with patients’ prognosis. 

Therefore, it helps to predict surgical outcomes, provides risk stratification and guides 

international neuroblastoma risk group (INRG) staging system [134]. However, primary 

tumor heterogeneity is not directly related to IDRF. Thus, our models perform 

intermediately (max ROC-AUC 0.76 from neural network model) on predicting presence 

of IDRF. We believe radiomic features have lesser information content regarding the 
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presence of IDRF than regarding some other outcomes. The same reasons may apply 

behind the intermediate performance for predicting overall survival and amplified MYCN 

outcomes as well. Overall survival includes death from all causes, which may not be 

related to the neuroblastoma disease. MYCN outcome indicates the gene amplification of 

MYCN. According to Gillies et al. [135], radiomic features can provide important 

information regarding the sample genomics but are not significantly related to gene 

expression. Hence, radiomics study only has the potential to provide additional 

independent information to genetic analyses. 

MKI prediction is low across all machine learning algorithms, and neural network 

prediction accuracy is the highest in the respective row in Table 5.2. We believe its low 

prediction capability (0.66) for MKI is because a CT image does not have enough 

resolution to predict mitosis proliferation that this index measures. MKI indicates that a 

pathologist scored 5000 cells on neuroblastoma patients histology under the microscope, 

which is a time-consuming process and is observer-dependent. Literature has suggested an 

alternative approach to reduce observer dependence in measuring the MKI [136]. Similar 

to Atikankul’s finding [136], our result also indicates that the observer-dependent MKI 

may not be accurate and is not as reliable as other prognostic outcomes. 

5.5 Conclusion 

In this study, we compared the 3D radiomic features based machine learning models and 

2D CNN features model. We found that the radiomic features based model outperformed 

the CNN model. This finding indicates that complex deep learning model may not be the 
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best solution for all types of datasets. We also developed the best-performing machine 

learning model for each of the prognostic outcomes evaluated. And we provide our 

perspectives on comparing the classification performances of these models and explaining 

rationality of specific algorithms performing better or worse for the set of outcomes. While 

this initial study has a small sample size of 68 patients, it is the first study to look at the 

radiomic features of pediatric neuroblastoma and identify relationships with histopathology 

and clinical outcomes. 
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Chapter 6 

Conclusion and future work 

In this dissertation, we investigated the prognostic outcome prediction of breast cancer and 

neuroblastoma using machine learning over radiomic features and convolutional neural 

network features. We also developed a new deep learning architecture on predicting breast 

tumor prognostic outcomes based on 3D DCE-MR images. 

In Chapter 3, we have investigated the ability of multi-modal radiomic features from 

positron emission tomography (PET) and magnetic resonance imaging (MRI) to predict 

primary breast tumor phenotypes and patient prognosis. Primary tumor segmentation of 

PET and MRI is used in the study for one-hundred and sixteen breast cancer patients. 837 

quantitative 3D radiomic features were extracted for each of those segments. Four disease 

outcome characteristics: hormone status of estrogen receptor (ER), progesterone receptor 

(PR), human epidermal growth factor-2 receptor (HER2), and disease-free survival (DFS) 

over 5 years were targeted for machine learning-based predictions. Our data-driven work 

has utilized different machine learning algorithms such as random forest, support vector 

machine, and logistic regression. In this chapter, we have gone beyond our previous work 

in studying by including many more features like wavelet features, and also more tumor 

phenotypes than what was addressed previously. In this study, we found that radiomic 

features obtained from PET and MRI improve prediction capability in all phenotypes. 
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After redundant feature reduction and importance ranking, we found that the PET radiomic 

features play more important role than MRI features when predicting hormone status. We 

used SVM model with 11 multi-modal radiomic features reached 0.85 (IC = [0.82, 0.87]) 

when estimating one year DFS. Our results demonstrated that PET-MR, dual-modality 

radiomic features are significant biomarkers for different breast tumor phenotypes 

estimation. 

In Chapter 4, we have developed a 3D-CNN architecture using a tumor mask for 

classifying several patient outcomes in breast cancer from their 3D dynamic contrast-

enhanced MR (DCE-MR) images. The tumor masks on DCE-MR images were generated 

using baseline and post-contrast DCE MR images and validated by experienced 

radiologists. We show that the accuracy of mask-guided classification (MGC) was better 

than that from the full image without tumor masks (including background), or only the 

masked voxels. We have used two patient outcomes for this proof of concept study: (1) 

recurrence of cancer after five years of imaging, and (2) HER2+ hormone status for 

accurate comparisons. We conclude that an image-based prediction model using 3D-CNN 

could be improved by a conservatively-generated mask instead of overly trusting 3D-

CNN’s attention to random volume of 3D images. 

In Chapter 5, we investigated the classification performance of multiple machine learning 

algorithms applied to tumor texture features extracted from CT images and a 2D 

convolutional neural network (CNN) model in predicting various neuroblastoma 

prognostic outcomes in 65 neuroblastoma patients. Neuroblastoma is one of the most 

common pediatric cancers, and for its diagnosis, many imaging modalities, including 
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contrast-enhanced CT are utilized. Primary tumors were segmented manually by open-

source software 3D-slicer (https://www.slicer.org). A subspecialty-trained pediatric 

radiologist independently reviewed the hand-segmented primary tumors for accuracy. 

Computationally-derived radiomic feature extraction was performed using the Pyradiomics 

library, an extension of 3D-slicer, with a total of 105 quantitative features. We compared 

six machine learning algorithms to predict outcomes, including neural network, lasso 

regression, elastic regression, logistic regression, random forest, and support vector 

machine classifier. Grid search algorithms and five folds cross-validation were used to find 

the best parameters from each of these algorithms. These algorithms were used to predict 

the presence or absence of metastases, neuroblastoma differentiation, Mitosis-karyorrhexis 

index (MKI), presence or absence of MYCN gene amplification, overall survival, and 

presence of image-defined risk factor (IDRF). For the 2D CNN based model, we used a 

pre-trained VGG19 model to predict the prognostic outcomes. We have found that the 

radiomics based neural network method outperformed the other algorithms in predicting all 

outcomes except classifying grade of neuroblastic differentiation for which elastic 

regression model performed best. Finally, we provide perspectives on why specific 

algorithms performed better or worse for each outcome in the neuroblastoma CT data. 

For the future work, the mask guided architecture has shown better predictive ability on 

classifying prognostic outcome using 3D medical images in Chapter 4. In the future, we 

would like to explore the predictive ability of this novel architecture on 2D medical 

images, such as the pneumonia detection dataset [137]. 
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In recent years, due to the diversity of feature extraction methods and modeling, the 

research on deep learning and radiomics in the medical domain has been increasing year by 

year. Radiomic features and CNN features are the product of the era of big data, and 

sufficient data is the premise of big data research. At present, many studies are mostly 

based on small sample size, an insufficient sample size reduces the accuracy of model 

prediction and increases the risk of over-fitting, so there are still many problems and 

challenges in deep learning and radiomics in the medical domain. 

First, the data is less repeatable. Repeatability is the measurement of accuracy under the 

same or nearly identical conditions and acquisition parameters and is evaluated by "test-

retest" analysis to compare the results of image acquisition for the same patient. The study 

[138] showed that the repeatability of radiomic and CNN features obtained under the same 

imaging parameter setting and semi-automatic segmentation was higher (consistency index 

> 0.9). 

Second, in terms of feature extraction and classification modeling, each study has different 

options. Most studies go through a variety of modeling methods, including feature 

extraction, selection, and classification methods, and try to find the most appropriate 

combination, and this will introduce artificial bias and randomness. And also, most studies 

are not fully tested by independent cohort study; thus, the generalization on the patient is 

not high. 

Finally, the standardization of data is not high enough. Most radiomic studies use images 

from a variety of scanning schemes at multiple different research institutions or scanners 
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from different vendors. It is necessary to reduce the variability of input data by 

standardizing the scanning scheme and reconstruction algorithm, especially in multi-center 

research. 

Radiomics and deep learning in the medical imaging field are still in its infancy, although 

there are many achievements in clinical disease diagnosis and prognosis assessment, there 

are still some limitations and shortcomings. With the promotion of accurate diagnosis and 

treatment, radiomics and deep learning provide a new method for personalized medicine 

with its advantages of lower cost and non-invasive nature. It avoids unnecessary treatment 

and toxic risks. In the future, the establishment of a database of standardized medical 

images will provide us with a high-quality image source for accurate diagnosis and 

treatment, thus making the precision medicine more precise to a patient’s need. 
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Appendix A 

A. First-order statistics features 

First-order statistics calculation formulas and most of their measurement meanings are 

described as follows, where matrix X represents three dimensional image matrix with N 

voxels and p represents the first-order histogram with Nl discrete intensity levels and P(i) is 

the normalized percentage of the first-order histogram and equals to p(i)/Sp(i). 

1: Energy	

 

𝐄𝐧𝐞𝐫𝐠𝐲 = 	
=

29:

𝑋(𝑖)@ 

2: Entropy 

𝐄𝐧𝐭𝐫𝐨𝐩𝐲 = 	

=A

29:

𝑃(𝑖)log2	 𝑃(𝑖) 

3: Uniformity 

𝐔𝐧𝐢𝐟𝐨𝐫𝐦𝐢𝐭𝐲 = 	

=A

29:

𝑃(𝑖)@ 

4: Maximum 

𝐌𝐚𝐱𝐢𝐦𝐮𝐦 = 𝑚𝑎𝑥𝑋(𝑖) 
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5: Mean 

𝐌𝐞𝐚𝐧 =
1
𝑁

	
=

29:

𝑋(𝑖) 

6: Median 

𝐌𝐞𝐝𝐢𝐚𝐧 = 𝑚𝑒𝑑𝑖𝑎𝑛𝑋(𝑖) 

7: Minimum 

𝐌𝐢𝐧𝐢𝐦𝐮𝐦 = 𝑚𝑖𝑛𝑋(𝑖) 

8: Range 

𝐑𝐚𝐧𝐠𝐞 = 𝑚𝑖𝑛𝑋(𝑖) − 𝑚𝑎𝑥𝑋(𝑖) 

9: Root Mean Square 

𝐑𝐨𝐨𝐭𝐌𝐞𝐚𝐧𝐒𝐪𝐮𝐚𝐫𝐞 =
1
𝑁

	
=

29:

𝑋(𝑖)@ 

10: Skewness 

𝐒𝐤𝐞𝐰𝐧𝐞𝐬𝐬 =
:
=

	=
29: (𝑋(𝑖) − 𝑋)[

(:
=

	=
29: (𝑋(𝑖) − 𝑋)@)( [

@
)
 

11: Kurtosis 

𝐊𝐮𝐫𝐭𝐨𝐬𝐢𝐬 =
:
=

	=
29: (𝑋(𝑖) − 𝑋)]

(:
=

	=
29: (𝑋(𝑖) − 𝑋)@)@

 

12: Mean Absolute Deviation 

𝐌𝐞𝐚𝐧𝐀𝐛𝐬𝐨𝐥𝐮𝐭𝐞𝐃𝐞𝐯𝐢𝐚𝐭𝐢𝐨𝐧 =
1
𝑁

|𝑋(𝑖) − 𝑋|
=

29:
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13: Standard Deviation 

𝐒𝐭𝐚𝐧𝐝𝐚𝐫𝐝𝐃𝐞𝐯𝐢𝐚𝐭𝐢𝐨𝐧 =
1
𝑁

	
=

29:

(𝑋(𝑖) − 𝑋)@ 

14: Variance 

𝐕𝐚𝐫𝐢𝐚𝐧𝐜𝐞 =
1
𝑁

	
=

29:

(𝑋(𝑖) − 𝑋)@ 

B. Shape and size based features 

Shape and size features provide the descriptions of shape and size about the region of 

interest (e.g. tumor on medical image). The shape and size based features are described as 

follows, where V and A represent the volume and the surface area of region of interest. 

Volume is equal to the number of pixels in the interest region multiplying the size of single 

voxels. 

1: Compactness 

𝐂𝐨𝐦𝐩𝐚𝐜𝐭𝐧𝐞𝐬𝐬𝟏 =
𝑉
𝜋 𝐴[

 

𝐂𝐨𝐦𝐩𝐚𝐜𝐭𝐧𝐞𝐬𝐬𝟐 =
36𝜋𝑉@

𝐴[
 

2: Maximum 3D Diameter 

𝐌𝐚𝐱𝐢𝐦𝐮𝐦𝟑𝐃𝐃𝐢𝐚𝐦𝐞𝐭𝐞𝐫 = 𝑚𝑎𝑥𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒(∀𝑣2, ∀𝑣u) 

3: Spherical Disproportion 

𝐒𝐩𝐡𝐞𝐫𝐢𝐜𝐚𝐥𝐃𝐢𝐬𝐩𝐫𝐨𝐩𝐨𝐫𝐭𝐢𝐨𝐧 =
𝐴

4𝜋𝑅@
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4: Sphericity 

𝐒𝐩𝐡𝐞𝐫𝐢𝐜𝐢𝐭𝐲 =
𝜋y 36𝑉@y

𝐴
 

5: Area 

𝐀𝐫𝐞𝐚 = 	
=

29:

1
2
|𝑎2𝑏2 ∗ 𝑎2𝑐2| 

6: Ratio 

𝐑𝐚𝐭𝐢𝐨 =
𝐴
𝑉

 

C. GLCM	features	

The image features generated from GLCM are described as follows. 

1: Autocorrelation 

𝐀𝐮𝐭𝐨𝐜𝐨𝐫𝐫𝐞𝐥𝐚𝐭𝐢𝐨𝐧 = 	

=|

29:

	

=|

u9:

𝑖𝑗𝑃(𝑖, 𝑗) 

2: Cluster prominence (CP) 

𝜇𝐱(𝒊) =
	=|

u9: 𝑃(𝑖, 𝑗)
𝑁�

 

𝜇𝐲(𝒋) =
	=|

29: 𝑃(𝑖, 𝑗)
𝑁�

 

𝐂𝐏 = 	

=|

29:

	

=|

u9:

[𝑖 + 𝑗 − 𝜇�(𝑖) − 𝜇�(𝑗)]]𝑃(𝑖, 𝑗) 

3: Cluster Shade (CS) 
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𝐂𝐒 = 	

=|

29:

	

=|

u9:

[𝑖 + 	𝑗 − 𝜇�(𝑖) − 𝜇�(𝑗)][𝑃(𝑖, 𝑗) 

4: Cluster tendency (CT) 

𝐂𝐓 = 	

=|

29:

	

=|

u9:

[𝑖 + 𝑗 − 𝜇�(𝑖) − 𝜇�(𝑗)]@𝑃(𝑖, 𝑗) 

5: Contrast 

𝐂𝐨𝐧𝐭𝐫𝐚𝐬𝐭 = 	

=|

29:

	

=|

u9:

|𝑖 − 𝑗|@𝑃(𝑖, 𝑗) 

6: Correlation 

𝐂𝐨𝐫𝐫𝐞𝐥𝐚𝐭𝐢𝐨𝐧 =
	=|

29: 	=|
u9: 𝑖𝑗𝑃(𝑖, 𝑗) − 𝜇2(𝑖)𝜇u(𝑗)

𝜎�(𝑖)𝜎�(𝑗)
 

7: Difference entropy (DE) 

𝐩𝐱�𝐲(𝐤) = 	

=|

29:

	

=|

u9:

𝑃(𝑖, 𝑗), |𝑖 − 𝑗| = 𝑘, 𝑘 = 0,1. . . , 𝑁� − 1 

𝐃𝐢𝐟𝐟𝐞𝐫𝐞𝐧𝐜𝐞𝐄𝐧𝐭𝐫𝐨𝐩𝐲 = − 	

=|��

29�

𝑃���(𝑖)log@	[𝑃���(𝑖)] 

8: Dissimilarity 

𝐃𝐢𝐬𝐬𝐢𝐦𝐢𝐥𝐚𝐫𝐢𝐭𝐲 = 	

=|

29:

	

=|

u9:

|𝑖 − 𝑗|@𝑃(𝑖, 𝑗) 

9: Energy 

𝐄𝐧𝐞𝐫𝐠𝐲 = 	

=|

29:

	

=|

u9:

[𝑃(𝑖, 𝑗)]@ 
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10: Entropy 

𝐄𝐧𝐭𝐫𝐨𝐩𝐲 = − 	

=|

29:

	

=|

u9:

𝑃(𝑖, 𝑗)log@	[𝑃(𝑖, 𝑗)] 

11: Homogeneity 

𝐇𝐨𝐦𝐨𝐠𝐞𝐧𝐞𝐢𝐭𝐲𝟏 = 	

=|

29:

	

=|

u9:

𝑃(𝑖, 𝑗)
1 + |𝑖 − 𝑗|

 

𝐇𝐨𝐦𝐨𝐠𝐞𝐧𝐞𝐢𝐭𝐲𝟐 = 	

=|

29:

	

=|

u9:

𝑃(𝑖, 𝑗)
1 + |𝑖 − 𝑗|@

 

12: Information measure of correlation (IMC) 

𝐩𝐱(𝐢) = 	

=|

u9:

𝑃(𝑖, 𝑗) 

𝐩𝐲(𝐣) = 	

=|

29:

𝑃(𝑖, 𝑗) 

𝐇𝐗 = − 	

=|

29:

𝑝�(𝑖)log@	 𝑝�(𝑖) 

𝐇𝐘 = − 	

=|

29:

𝑝�(𝑖)log@	 𝑝�(𝑖) 

𝐇𝐗𝐘𝟏 = − 	

=|

29:

	

=|

u9:

𝑃(𝑖, 𝑗)log	(𝑝�(𝑖)𝑝�(𝑗)) 

𝐇𝐗𝐘𝟐 = − 	

=|

29:

	

=|

u9:

𝑝�(𝑖)𝑝�(𝑗)log	(𝑝�(𝑖)𝑝�(𝑗)) 
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𝐈𝐌𝐂𝟏 =
𝐻𝑋𝑌 − 𝐻𝑋𝑌1
𝑚𝑎𝑥(𝐻𝑋, 𝐻𝑌)

 

𝐈𝐌𝐂𝟐 = 1 − 𝑒�@(���@����) 

13: Inverse difference moment normalized (IDMN) 

𝐈𝐃𝐌𝐍 = 	

=|

29:

	

=|

u9:

𝑃(𝑖, 𝑗)

1 + (2�u
=|
)@

 

14: Inverse difference normalized (IDN) 

𝐈𝐃𝐍 = 	

=|

29:

	

=|

u9:

𝑃(𝑖, 𝑗)

1 + |2�u|
=|

 

15: Inverse variance 

𝐈𝐧𝐯𝐞𝐫𝐬𝐞𝐕𝐚𝐫𝐢𝐚𝐧𝐜𝐞 = 	

=|

29:

	

=|

u9:

𝑃(𝑖, 𝑗)
(𝑖 − 𝑗)@

 

16: Maximum probability 

𝐌𝐚𝐱𝐢𝐦𝐮𝐦𝐏𝐫𝐨𝐛𝐚𝐛𝐢𝐥𝐢𝐭𝐲 = 𝑚𝑎𝑥𝑃(𝑖, 𝑗) 

17: Sum entropy 

𝐩𝐱�𝐲(𝐤) = 	

=|

29:

	

=|

u9:

𝑃(𝑖, 𝑗), 𝑖 + 𝑗 = 𝑘, 𝑘 = 2,3. . . ,2𝑁� 

𝐒𝐮𝐦𝐄𝐧𝐭𝐫𝐨𝐩𝐲 = − 	

@=|

29@

𝑃���(𝑖)log@	[𝑃���(𝑖)] 

18: Sum average 

𝐒𝐮𝐦𝐀𝐯𝐞𝐫𝐚𝐠𝐞 = 	

@=|

29:

[𝑖𝑃���(𝑖)] 
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19: Sum variance 

𝐒𝐮𝐦𝐕𝐚𝐫𝐢𝐚𝐧𝐜𝐞 = 	

@=|

29@

(𝑖 − 𝑆𝐸)@𝑃���(𝑖) 

20: Variance 

𝐕𝐚𝐫𝐢𝐚𝐧𝐜𝐞 = 	

=|

29:

	

=|

u9:

(𝑖 − 𝜇)@𝑃(𝑖, 𝑗) 

D. GLRLM features 

1: Short-run emphasis (SRE) 

𝐒𝐑𝐄 =
	=|

29: 	=�
u9: [ (2,u|¡)

u¢
]

	=|
29: 	=|

u9: 𝑝(𝑖, 𝑗|𝜃)
 

2: Long-run emphasis (LRE) 

𝐋𝐑𝐄 =
	=|

29: 	=�
u9: 𝑗@𝑝(𝑖, 𝑗|𝜃)

	=|
29: 	=�

u9: 𝑝(𝑖, 𝑗|𝜃)
 

3: Gray-level nonuniformity (GLN) 

𝐆𝐋𝐍 =
	=|

29: [ 	=�
u9: 𝑝(𝑖, 𝑗|𝜃)]@

	=|
29: 	=|

u9: 𝑝(𝑖, 𝑗|𝜃)
 

4: Run-length nonuniformity (RLN) 

𝐑𝐋𝐍 =
	=�

u9: [ 	=|
29: 𝑝(𝑖, 𝑗|𝜃)]@

	=|
29: 	=|

u9: 𝑝(𝑖, 𝑗|𝜃)
 

5: Run percentage (RP) 
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𝐑𝐏 = 	

=|

29:

	
=�

u9:

𝑝(𝑖, 𝑗|𝜃)
𝑁 

 

6: Low gray-level run emphasis (LGLRE) 

𝐋𝐆𝐋𝐑𝐄 =
	=|

29: 	=�
u9:

 (2,u|¡)
2¢

	=|
29: 	=�

u9: 𝑝(𝑖, 𝑗|𝜃)
 

7: High gray-level run emphasis (HGLRE) 

𝐇𝐆𝐋𝐑𝐄 =
	=|

29: 	=�
u9: 𝑖@𝑝(𝑖, 𝑗|𝜃)

	=|
29: 	=�

u9: 𝑝(𝑖, 𝑗|𝜃)
 

8: Short-run low gray-level emphasis (SRLGLE) 

𝐒𝐑𝐋𝐆𝐋𝐄 =
	=|

29: 	=�
u9:

 (2,u|¡)
2¢u¢

	=|
29: 	=�

u9: 𝑝(𝑖, 𝑗|𝜃)
 

9: Short-run high gray-level emphasis (SRHGLE) 

𝐒𝐑𝐇𝐆𝐋𝐄 =
	=|

29: 	=�
u9:

 (2,u|¡)2¢

u¢

	=|
29: 	=�

u9: 𝑝(𝑖, 𝑗|𝜃)
 

10: Long-run low gray-level emphasis (LRLGLE) 

𝐋𝐑𝐋𝐆𝐋𝐄 =
	=|

29: 	=�
u9:

 (2,u|¡)u¢

2¢

	=|
29: 	=�

u9: 𝑝(𝑖, 𝑗|𝜃)
 

11: Long-run high gray-level emphasis (LRHGLE) 

𝐋𝐑𝐇𝐆𝐋𝐄 =
	=|

29: 	=�
u9: 𝑝(𝑖, 𝑗|𝜃)𝑖@𝑗@

	=|
29: 	=�

u9: 𝑝(𝑖, 𝑗|𝜃)
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E. Neighborhood gray-tone difference matrix (NGTDM)	features	

1: Coarseness 

𝐂𝐨𝐚𝐫𝐬𝐞𝐧𝐞𝐬𝐬 = [ 𝑝2 ∗ 𝑠2

=|

29:

]�:	

2: Contrast 

𝐂𝐨𝐧𝐭𝐫𝐚𝐬𝐭 = [
1

𝑁� ∗ (𝑁� − 1)
	

=|

29:

𝑝2 ∗ 𝑝u ∗ (𝑖 − 𝑗)@
=|

u9:

][
1
𝑛

𝑠2

=|

29:

] 

3: Busyness 

𝐁𝐮𝐬𝐲𝐧𝐞𝐬𝐬 =
𝑝2 ∗ 𝑠2

=|
29:

	=|
29: |𝑖 ∗ 𝑝2 − 𝑗 ∗ 𝑝u|

=|

u9:

 

4: Complexity 

𝐂𝐨𝐦𝐩𝐥𝐞𝐱𝐢𝐭𝐲 = 	

=|

29:

	

=|

u9:

|𝑖 − 𝑗| ∗ (𝑝2𝑠2 + 𝑝u𝑠u)
𝑛 ∗ (𝑝2 + 𝑝u)
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 Appendix B 

1. Selected feature for heatmap analysis 

 
 

2. Summary of the heatmaps in the article, highest ROC-AUC for all outcomes and 
corresponding features number 
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