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ABSTRACT 

Breast cancer was the most frequently diagnosed cancer in women in 2018, and this trend is 

expected to continue in years to come. Imaging-based cancer screening, including full-field 

digital mammography (FFDM) and digital breast tomosynthesis (DBT), plays a significant role 

in the early detection and diagnosis of breast cancer, as well as in cancer risk assessment. Breast 

cancer risk assessment is important to breast cancer screening protocols as it aims to identify 

women at an elevated risk of breast cancer who may benefit from specialized screening. Family 

history and genetics have been shown to play a large role in risk assessment and are typically key 

factors used to identify candidates for specialized screening. However, there is growing interest 

in the potential of computer-aided image evaluation, or radiomics, to provide additional 

information for identifying these populations.  

 Radiomic features are quantitative image descriptors of human-defined features such as 

coarseness or contrast. While their utility has been widely demonstrated on homogeneous image 

sets acquired under consistent imaging conditions, inconsistent imaging conditions may 

introduce feature variations. Parameters that can cause differences in radiomic feature values on 

mammography may include x-ray beam quality, detector material, and post-processing 

algorithms. However, consideration is not typically given to radiomic feature robustness in 

radiomics studies. Additionally, there does not exist consensus in the field on methodology and 

metrics for characterizing feature robustness. To fill this need, this dissertation proposes novel 

metrics for characterizing radiomic feature robustness on image sets in which the population 

underwent imaging on mammography units from two different vendors.  
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Having proposed metrics for characterizing robustness, this dissertation then incorporates 

these metrics into a two-stage feature selection scheme. The goal of this scheme is to identify a 

set of robust, non-redundant, and descriptive features specific to a given clinical task. Stage one 

involves hierarchical clustering and robustness metric comparison to identify robust and non-

redundant features as feature candidates in an unsupervised manner. Stage two involves 

classification evaluation of the feature candidates identified in stage one to select features that 

are also descriptive in the clinical task at hand. This method was demonstrated on paired data 

acquired on equipment from two different vendors, however this method could be used in cases 

without paired data by using robustness metrics that compare populations, such as the 

Kolmogorov-Smirnov test statistic. This two-stage method was demonstrated on FFDM in the 

task of classifying the risk of breast cancer among patients with no abnormalities detected on 

mammographic screening exams. 

Given recent advances in computer algorithms and machine learning methodologies, this 

dissertation then presents work investigating the use of deep learning in medical image analysis. 

Transfer learning was investigated for evaluation of FFDM and DBT images. Transfer learning 

involves extraction of unintuitive features using a pre-trained convolutional neural network. 

These features are then used for classification in a conventional classifier, such as a support 

vector machine. In this dissertation, we applied transfer learning to the task of characterizing 

lesions as malignant or benign. Performance was compared between DBT and FFDM images as 

network inputs. This comparison is clinically relevant given the growing adoption of DBT at 

medical centers throughout the country. 

An additional area where machine learning may add value to medical image analysis is in the 

evaluation of temporal sequences of screening mammograms. It is standard clinical procedure to 
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consider prior mammograms in the evaluation of current mammograms when that data is 

available. Thus, this motivated the incorporation of antecedent images into computer analysis. 

Long short-term memory (LSTM) networks were investigated for use in evaluating temporal sets 

of mammograms for classifying future lesions as malignant or benign. LSTM networks were 

chosen to use in temporal image sequence analysis as they have performed well in previous 

natural language processing and medical imaging studies. By incorporating temporal sequences 

of images, patterns over time may potentially lead to improvements in classification 

performance. 

 This dissertation presents the following results. First, metrics descriptive of feature 

equivalence, variability and correlation are proposed and used to characterize the robustness of a 

set of features on FFDM images acquired of an asymptomatic population of women over 

mammography unit vendor. This investigation found that box counting fractal dimension, 

Minkowski fractal dimension, and power law beta features were relatively robust across vendors. 

These features demonstrated high correlation over the two units examined, similar feature 

intensities, and small variability. Given the proposed robustness metrics, a two-stage feature 

selection method was proposed and used in the task of predicting the risk of breast cancer in 

patients with no detectable mammographic abnormalities. A monotonically decreasing trend was 

observed in classification performance as feature robustness restrictions were loosened. 

Additionally, comparison between the proposed two-stage method and a feature harmonization 

method (ComBat) demonstrated significant differences in performance on intra-vendor 

comparisons. Thus, these results suggest value in considering robustness during feature selection 

when using heterogeneous data.  Investigations into transfer learning for lesion characterization 

found that, for mass and architectural distortion lesions, classification performance using a key 



 xvii 

slice from DBT was higher than classification performance using a FFDM image of the same 

lesion. We failed to demonstrate a significant difference in comparing classification performance 

between FFDM images and synthesized 2D images derived from the DBT imaging data. Thus, 

this provides evidence in support of the efficacy of computer-aided diagnosis on DBT images. 

Additionally, investigation into temporal mammography sequence analysis using deep learning 

revealed higher performance of LSTM networks over conventional evaluation of a single time 

point in the task of classing future lesions as malignant or benign. This suggests that there is 

potential value in considering antecedent images in a deep learning framework when performing 

computerized image analysis for classifying breast cancer lesions. 

 This work is clinically significant as medical imaging for breast cancer screening is a 

common practice across the world, and an improvement in the analysis of screening images has 

the potential to impact a large number of people. This work presents a method for the 

incorporation of robustness considerations into radiomics studies to improve their 

generalizability of these studies. Additionally, the methods presented in this dissertation may 

improve our ability to anticipate the future incidence of breast cancer using medical images that 

are already collected as part of standard practice. 
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CHAPTER 1 

1. Introduction 

Breast cancer is the most common cancer in women, and the second leading cause of death in 

women. The American Cancer Society projects 878,980 new cancer cases and 286,010 cancer 

deaths in women in the United States in 2019.[1] Breast cancer is expected to make up 266,120 of 

these new cancer diagnoses and is expected to claim the lives of 40,920 women.[1] Thus, breast 

cancer is projected to make up about 30% of new cancer cases among women and 14% of cancer 

deaths among women, second only to lung and bronchus cancer.[1] 

  While improvements in breast cancer treatment are being continuously developed, early 

detection through routine screening has been responsible for substantial reduction of breast 

cancer-related mortality.[2] Mammography first emerged as an accepted technology in the 1960s, 

and it was primarily used to aid in the diagnosis of complex cases.[3] After technological 

improvements, mammography was adopted for screening, thus has contributing in part to the 

reduction in breast cancer mortality.[4,5]  

 Breast cancer diagnosis in the United States is composed of three stages. First, screening 

techniques including mammography and physical examination are employed to detect 

abnormalities. Second, the abnormality is diagnosed through biopsy and further imaging such as 

ultrasound and magnetic resonance imaging (MRI). Third, if found to be malignant, the lesion 

will be characterized by subtype and will be staged based on tumor size and extent of invasion.[3]  

 Randomized in various countries have evaluated the impact of screening mammography 

on breast cancer mortality among women.[6–13] The majority of these studies reported a relative risk 

below one which suggests that mortality was reduced by the introduction of screening 
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mammography (Table 1.1). Furthermore, meta-analysis has confirmed the benefit of screening 

mammography in women over age 50.[14,15]  

 

Table 1.1. Results of randomized clinical trials establishing the efficacy of screening 
mammography. While more recent studies exist, the studies listed here played a role in 
instituting mammography for breast cancer screening. 

Trial Entry Years Number of Women Relative Risk (95% 
CI) 

HIP Trial[6] 1963-69 60,696 0.77 (0.61-0.97) 
Malmö[7] 1976-86 41,478 0.81 (0.62-1.07) 
Two-County[8] 1977-85 133,065 0.70 (0.58-0.85) 
Stockholm[9] 1981-85 59,176 0.71 (0.4-1.2) 
Gothenburg[10] 1982-88 49,553 0.86 (0.54-1.37) 
Edinburgh[11] 1978-85 54,671 0.82 (0.61-1.11) 
Canada NBSS I[12] 1980-87 50,430 1.10 (0.78-1.54) 
Canada NBSS II[13] 1980-87 39,405 0.87 (0.62-1.52) 

 

While mammograms provide quantitative representations of breast tissue, interpretation 

of these images is typically performed qualitatively by radiologists. Radiologists use their 

training and experience to visually identify signs of malignancy, including microcalcifications, 

architectural distortions, asymmetrical densities, masses, and densities that have developed or 

changed in size or appearance since the previous exam. Computer aided-detection (CADe) 

systems have been designed to complement the qualitative impressions of radiologists. 

 While mammographic screening has many benefits, there are also concerns about its 

efficacy. Namely, concerns exist about the risk of carcinogenesis arising from repeated exposure 

to ionizing radiation. While an excess of breast cancers has been observed in populations of 

women exposed to high doses of radiation, research suggests that the risk of carcinogenesis from 

the low dose associated with screening mammography is negligible relative to the benefits of 
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mammography.[16] Therefore, radiation dose is not typically a deterrent of the use of screening 

mammography. 

 While mammography has improved early detection of breast cancer, its effectiveness is 

limited by its 2D nature. This concern is of particular importance for women with dense breasts. 

Digital breast tomosynthesis (DBT) was developed to address this limitation. DBT uses 

projection images acquired at various angles around the breast to construct a pseudo 3D 

reconstruction of the breast. DBT has been shown to reduce missed cancers[17–19] and reduce the 

screening recall rate.[20,21] As a result, its adoption has been growing throughout the United States. 

 While FFDM and DBT are appropriate screening methods for women at an average risk 

of breast cancer, different imaging methods exist for women at an elevated risk of breast cancer. 

For example, MRI and ultrasound can be used to provide complementary information to 

mammographic images to aid in lesion detection and characterization.[22] However, these imaging 

methods are more expensive and resource-intensive than mammography. Thus, national 

guidelines advise limiting MRI to high-risk groups.[23] Current research is investigating the 

potential use of MRI for use in population screening programs.[24] 

 

1.1. Breast Imaging Modalities 

1.1.1. Mammography 

Typical screening mammograms consist of at least two x-ray images of each breast. One is taken 

from the mediolateral oblique (MLO) view, and one is taken from the craniocaudal (CC) view. 

Diagnostic mammography may also include specialized views and magnifications to image 

suspicious findings with higher resolution. 
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Mammography produces 2D projection images of the breast using low-energy x-rays. 

Low energies (20-30 keV) are used to enhance tissue discrimination through the exploitation of 

the photoelectric effect. The probability of photon interaction through the photoelectric effect is 

proportional to the cube of the atomic number of a material, thus absorption differences are 

accentuated at low energies where the photoelectric effect is the dominant mode of photon 

interaction. The particular anode material used may vary across vendors, causing differences in 

x-ray spectra. A common unit geometry is illustrated in Figure 1.1. 

 

 

Figure 1.1. Diagram of a typical mammographic x-ray tube and breast support.[25] X-rays are 
produced by a rotating anode and are passed through a filter and collimator. 
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 After passing through tissue, transmitted x-rays are collected on a digital detector. The 

detector’s receptors can be either direct or indirect. Direct receptors have a photoconductor 

coupled to the active matrix array. When a photon interacts with the photoconductor, charge is 

collected and stored in capacitors until it is read out by the electronics of the unit. Indirect 

receptors function differently in that they use an intensifying screen as opposed to a 

photoconductor. Charge is collected by an array of photodetectors and is stored until the detector 

is read out by the unit circuitry.[25] 

 After image acquisition, post-processing algorithms are applied to enhance certain 

features of the mammogram to facilitate review by a radiologist. One of the key objectives of 

these processing algorithms is to manipulate fine differences in image contrast to help 

differentiate between tissue types. Commonly, image processing algorithms include techniques 

such as manual intensity windowing, histogram-based intensity windowing, mixture-model 

intensity windowing, contrast-limited adaptive histogram equalization, unsharp masking, 

peripheral equalization and Trex processing.[26,27] Each processing algorithm affects pixel 

intensities in different ways, making quantitative comparisons between differently processed 

images difficult. Mammography vendors implement different processing algorithms causing 

quantitative image differences across their images. 

 

1.1.2. Tomosynthesis 

DBT has emerged as a promising modality to improve breast cancer screening sensitivity and 

accuracy.[17] DBT yields pseudo-3D images by rotating an x-ray tube in a partial arc around the 

breast while acquiring projection images. This principle is illustrated in Figure 1.2. 
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Figure 1.2. Diagram illustrating the mechanism of digital breast tomosynthesis acquisition. The 
x-ray tube is moved in a partial arc around the compressed breast, and projection images are 
either acquired continuously or in a step-and-shoot manner. 

 

 Each projection image is acquired in a similar manner to those of conventional full-field 

digital mammography (FFDM) but with a reduced radiation dose. The scanning angle, number of 

projections and other parameters can vary across manufacturers. Imaging parameters for three 

Food and Drug Administration-approved units are listed in Table 1.2. 

 

Table 1.2. Image acquisition parameters for digital breast tomosynthesis units.[28] 

Manufacturer Hologic GE Healthcare Siemens Healthcare 
Model Selenia Dimensions SenoClaire Mammomat 

Inspiration 
Scanning angle (°) 15 25 50 
Projections 15 9 25 
Scanning time (s) 4 7 24 
Tube motion Continuous Step and shoot Continuous 
Reconstruction Filtered 

backprojection 
Iterative Filtered 

backprojection 
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A growing number of studies have shown that tomosynthesis significantly reduces 

screening recall rates and increases cancer detection rates.[29–32] By providing volume data as 

opposed to single projection images, DBT gives a clearer visualization of regions of interest and 

reduces the impact of overlaying tissue. DBT is expected to be particularly useful for women 

with dense breasts, for whom overlaying parenchymal tissue may obscure breast lesions.[33] 

However, the human observer studies that have been used to suggest the efficacy of DBT involve 

inherently qualitative measurements and subjective interpretations. The objectivity of computer 

vision methods may therefore help inform image interpretation. 

Radiologists often review DBT images using a cine loop in which reconstructed planes of 

the breast are displayed like frames of a video. While the reconstructed planes are not 3D, they 

portray some depth information that is useful in the detection and diagnosis of breast lesions. In 

order to maintain the benefits of 2D breast imaging, synthesized 2D image are also typically 

constructed from the projection images. However, rather than mimicking FFDMs, the 

synthesized 2D images are processed to emphasize suspicious features and improve their 

conspicuity to radiologists.[34] 

While the physics principles of tomosynthesis data acquisition are similar to those of 

FFDM, the data are processed differently and have different characteristics. These varying 

characteristics make the review of DBT images by a radiologist different, often requiring 

additional training. Therefore, DBT and FFDM are both informative for detecting suspicious 

lesions, and they provide data in different formats which may need to be handled differently in 

quantitative analyses. 
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1.1.3 MRI and Ultrasound 

While FFDM and DBT are standard screening modalities for women with an average risk of 

breast cancer, specialized screening and diagnostic imaging exist for high-risk populations. MRI 

and ultrasound are common choices for follow-up imaging because they provide complementary 

information to mammography and involve no radiation dose. 

 In ultrasound breast imaging, high-frequency sound waves are transmitted to the breast 

tissue by a transducer, and the reflection and refraction behavior of the sound waves are 

measured. This gives complementary information to that obtained through mammography.[17] 

For example, while solid and fluid-filled abnormalities may look similar in x-ray imaging, their 

appearances in ultrasound are quite different. Therefore, ultrasound imaging is useful for some 

patients in the differentiation of abnormality types. 

 Breast MRI may be used for screening of populations at an elevated risk of breast cancer. 

In breast MRI, a contrast agent is injected intravenously, and MRI images are acquired at time 

intervals following injection. Breast DCE-MRI provides physiological information not given by 

mammography, however these procedures can be expensive and invasive. Therefore, MRI is 

typically reserved for women at a high risk of breast cancer for whom mammography may not be 

sufficient.[35] 

 

1.2 Computer-Aided Detection, Diagnosis and Risk Assessment 

While radiologist performance in the task of detecting and distinguishing breast cancer has 

helped to reduce breast cancer mortality, human interpretation of medical images is not perfect. 

In some cases, missed cancers may be caused by physical limitations of the imaging modality 

such as image resolution, signal-to-noise ratio and contrast. However, the majority of missed 
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cancers have been attributed to interpretation errors by radiologists.[36] Human errors in image 

interpretation can be caused by both perception errors and cognitive errors. Perception errors 

occur when an abnormality is not seen in an image, and cognitive errors occur when an 

abnormality is seen but incorrectly interpreted.[36] Computer analysis methods have been 

developed to address these errors by assisting human observers in both the interpretation and 

diagnosis of radiographic abnormalities. 

 Computer-aided detection and diagnosis (CAD) is an image analysis scheme that 

automatically or semi-automatically identifies lesion candidates and characterizes their 

likelihood of malignancy. CAD has become widespread in both the research and clinical arenas 

for diseases of the chest, breast and other organs.[37–50] By producing information that is 

complementary to that collected by a radiologist review of an image, CAD stands to improve the 

overall cancer detection and diagnosis workflow. 

 

1.2.1. Breast Cancer Computer-Aided Detection 

CAD has shown promise in clinical tasks concerning the detection of abnormalities in medical 

images. In computer-aided detection (CADe) for breast disease, radiomic features are 

quantitatively calculated throughout the breast. These features are used to identify regions that 

contain abnormalities or are otherwise suspicious and warrant further inspection. The radiologist 

is then alerted to these regions for further review.[51] In this way, the computer acts as a second 

reader in assisting the radiologist with his or her interpretation of medical images. 

 CADe systems have been incorporated into clinical practice for breast cancer 

screening.[52] Computer assistance is particularly well suited for screening programs due to the 

large proportion of normal exams relative to abnormal exams. Computers may thus increase the 
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sensitivity of image interpretation. However, this increase in sensitivity is typically coupled with 

a reduction in specificity. Therefore, research efforts have focused on maximizing the 

improvement in sensitivity while minimizing the detriment to specificity. Prospective studies 

following clinical implementation have demonstrated the effectiveness of CADe systems for 

cancer detection in breast mammography.[37,38,53] 

 

1.2.2. Breast Cancer Computer-Aided Diagnosis 

Computer-aided methods are also used in the diagnosis of cancer through the characterization of 

suspicious image regions. Computer-aided diagnosis (CADx) involves the differentiation of 

abnormalities across disease presence, types or states. In this way, CADx performs a type of 

“virtual biopsy” to assist physician recommendations.[54] By assisting radiologist evaluation of 

the probability of malignancy, CADx systems aim to improve sensitivity and specificity while 

also reducing intra- and inter-observer variability. The development of CADx systems seek to 

reduce the number of benign lesions sent for biopsy without missing malignant lesions.  

 

1.2.3. Breast Cancer Computer-Aided Risk Assessment 

Beyond cancer detection and diagnosis, quantitative radiomic features have also been used to 

estimate an individual’s risk of breast cancer. For example, researchers have used radiomics to 

predict contralateral cancer, high-risk clinical factors, and future cancer based on antecedent 

imaging.[55–64] 

 Typically, personalized risk models are based on characteristics such as age, family 

history and certain genetic mutations including BRCA1/BRCA2. Developments in CAD suggest 

that parenchymal texture may also help inform risk. 
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Several studies have used quantitative measures of parenchymal texture to evaluate the risk 

of cancer in asymptomatic females.[55,57,60,63,65–69] These studies use radiomic texture features 

including fractal dimension,[65] power-law spectral analysis,[60] absolute gray-level, gray-level 

histogram analysis, neighborhood gray tone difference matrix (NGTDM), and gray-level co-

occurrence matrix (GLCM) in their analyses.[70] 

Screening recommendations for women at a high risk of breast cancer have been enacted by 

agencies such as the American Cancer Society. These recommendations raise the potential 

impact of breast cancer risk assessment because the actionable recommendations may lead to 

improved early detection of disease in high-risk cohorts as the improved identification of women 

at a high risk of breast cancer may allow them to take advantage of specialized screening 

options.[71] Continued research in risk assessment is motivated by the need to best utilize 

available specialized screening modalities. 

 

1.2. Risk Factors for Breast Cancer 

Previously published studies have identified several factors that may elevate an individual’s risk 

of developing breast cancer. Some such factors are related to an individual’s demographics and 

lifestyle, while others are related to the appearance of an individual’s breast tissue on 

mammography.  

 

1.2.1. Demographics 

Certain physical and lifestyle characteristics of an individual are demonstrated to have a 

significant impact on that individual’s risk of developing breast cancer. Reproductive factors 

linked to an elevated risk of developing breast cancer include an early age at menarche, late age 
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at menopause, and late age at first full-term pregnancy.[72] Furthermore, research has suggested 

that long-term use of combined estrogen/progestin hormone replacement therapy and long-term 

use of oral contraceptives also increase the risk of breast cancer.[72] 

As a woman’s age increases, so does her risk of breast cancer. The incidence of breast 

cancer is estimated to double with every ten years of age until menopause. After menopause, the 

incidence still increases, but at a slower rate.[73] Genetics and family history also play a 

substantial role in determining a woman’s risk of developing breast cancer. It is estimated that up 

to 10% of breast cancer in Western countries can be attributed to genetic predisposition.[73] 

While scientists anticipate that not all genes linked to breast cancer have been identified, BRCA1 

and BRCA2, genes located on the long arms of chromosomes 17 and 13, respectively, have been 

identified in a large proportion of high-risk families, establishing a link between this genetic 

mutation and breast cancer risk.[74]  

Certain lifestyle characteristics are associated with a reduced risk of breast cancer. For 

example, physical exercise and a healthy body weight in adolescence were shown to be 

associated with delayed onset of breast cancer.[74] An epidemiological study reported strong 

evidence in support of a dose-response relation between alcohol consumption and the risk of 

breast cancer.[75] There is strong evidence that demographic information and lifestyle decisions 

are linked to an individual’s risk of breast cancer. 

 

1.2.2. Imaging Characteristics 

Beyond lifestyle and demographic information, imaging characteristics of the breast parenchyma 

have also been shown to be indicative of a woman’s risk of breast cancer. Both qualitatively 
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evaluated imaging characteristics, such as density or parenchymal pattern, and quantitative 

features, such as radiomic texture features, are indicative of risk of breast cancer. 

 The Breast Imaging and Reporting Data System (BI-RADS) was introduced in the late 

1980s to standardize mammography reporting. One component of this reporting system was 

breast density reporting.[76] Density reporting was included to estimate each woman’s breast 

cancer risk, as breast density has been shown to be a strong predictor.[56,59,62] Qualitatively 

evaluated texture patterns have also been shown to have predictive value in breast cancer risk 

assessment.[77] 

 Wolfe introduced a scheme of qualitatively evaluating the imaging characteristics of the 

breast not only based on relative amounts of  fat, epithelial and connective tissue, but also on the 

prominence of ducts.[77] Categories based on breast density and parenchymal texture (“Wolfe 

Patterns”) have been used in subsequent research and have shown to be significantly associated 

with future cancer incidence.[78–80] 

 

1.3. Radiomic Features 

When machine learning algorithms and computational power evolved in the 1980s, quantitative 

assessment of medical images emerged as an active area of research. The process of extracting 

large amounts of quantitative features from medical images has become known as the field of 

radiomics. The concept motivating use of radiomics for disease prediction is that radiomic 

features take distinctive values across disease forms, assisting in addressing various clinical 

questions. 

 Following early work in radiomics, a large number of algorithm-based features emerged 

and have been used in a wide range of clinical tasks. Specifically, this dissertation investigates 
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first-order histogram features, Fourier transform features, fractal dimension features, gray-level 

co-occurrence features, power law features, and edge gradient features. Each feature investigated 

in this dissertation is defined in Chapter 1.4.1-1.4.6. 

 

1.3.1. First-Order Histogram Features 

First-order histogram features describe the distribution of individual pixel intensity values in an 

image without concern for the spatial relationships between pixels.[81] They are constructed to 

describe the mean value, spread, and randomness of intensity by characterizing the histogram 

function. First-order radiomic features are calculated using a histogram constructed by dividing 

pixel intensities in an image into equally spaced bins and computing the proportion of pixels in 

each bin.[82] Note that binning methods affect the values of histogram=based radiomic features. 

Specifically, if different binning ranges are used on different images, then the resulting features 

would not be comparable for analyses. 

 In practice, first-order histogram features have been used in a wide range of studies. One 

such example was performed by Li et al., who used first-order histogram features, among others, 

to characterize a woman’s risk of breast cancer.[66] Classifications were performed between 

women with a BRCA1/2 gene mutation and women with a low risk of breast cancer, and 

between unilateral cancer patients and women with a low risk of breast cancer. 
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Table 1.3. Summary of first-order histogram features explored in this dissertation, where xi,j is 
the value of the pixel in the ith column and jth row and n is the total number of pixels. 

Feature 
Name 

Equation Description 

Average 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 =
1
𝑛**𝑥,,.

.,

 Mean value of all 
pixels contained in 
the region of 
interest 

Maximum 
CDF 0.95 = 3 𝑥(𝑡)𝑑𝑡

89:;<=

>?

 
Gray value 
corresponding to 
the 95% region 
cutoff on the 
cumulative density 
function (CDF). 

Minimum 
CDF 0.05 = 3 𝑥(𝑡)𝑑𝑡

8,@;<=

>?

 
Gray value 
corresponding to 
the 5% region 
cutoff on the CDF. 

Balance 𝐵𝑎𝑙𝑎𝑛𝑐𝑒 =
𝑀𝑎𝑥𝐶𝐷𝐹 − 𝐴𝑣𝑒𝑟𝑎𝑔𝑒
𝐴𝑣𝑒𝑟𝑎𝑔𝑒 −𝑀𝑖𝑛𝐶𝐷𝐹  Values less than 

one correspond to 
having an ROI that 
is skewed towards 
relatively denser 
values. 

Seventy CDF 
0.70 = 3 𝑥(𝑡)𝑑𝑡

KLML@NO;<=

>?

 
Gray value 
corresponding to 
the 70% region 
cutoff on the CDF. 

Thirty CDF 
0.30 = 3 𝑥(𝑡)𝑑𝑡

QR,SNO;<=

>?

 
Gray value 
corresponding to 
the 30% region 
cutoff on the CDF. 

Quasi 
Balance 𝑄𝑢𝑎𝑠𝑖	𝐵𝑎𝑙𝑎𝑛𝑐𝑒 =

𝑆𝑒𝑣𝑒𝑛𝑡𝑦𝐶𝐷𝐹 − 𝐴𝑣𝑒𝑟𝑎𝑔𝑒
𝐴𝑣𝑒𝑟𝑎𝑔𝑒 − 𝑇ℎ𝑖𝑟𝑡𝑦𝐶𝐷𝐹  Values less than 

one correspond to 
having an ROI that 
is skewed towards 
relatively denser 
values. 

Skewness 
𝑆𝑘𝑒𝑤𝑛𝑒𝑠𝑠 =

1
𝑛∑ (𝑥, − 𝑥)_@

,`,

a 1
𝑛 − 1∑ (𝑥, − 𝑥)b	@

,`,

 

 

Symmetry of the 
histogram 
distribution 
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1.3.2. Fourier Transform Features 

Features based on the Fourier transform of an image describe the spatial frequency distribution 

of an image.[83] The Fourier power spectrum is computed for discrete data by squaring the 

magnitude of the discrete Fourier transform of the image. The Fourier power spectrum describes 

the portion of a signal’s power that occurs at various frequencies throughout the image. These 

features characterize the magnitude of the image pattern and its frequency content.[84] 

 The angular-dependent Fourier transform was computed and used in analysis to describe 

the directional dependence of parenchymal patterns. This was done by dividing the power 

spectrum into 16 sectors, and computing the root mean square of the power spectrum (FRMS) 

and the first moment of the power spectrum (FFMP) on each individual sector. While 

directionality in the breast parenchyma may not be particularly strong, directionality has shown 

utility in characterizing other diseases such as bone texture.[84] 

 A study by Huo et al. investigated the use of Fourier transform features, among other 

features, in the task of characterizing the risk of breast cancer.[85] In this study, features were 

used to characterize parenchymal texture to differentiate between age-matched BRCA1/2 and 

low-risk women. 

 

Table 1.4. Fourier transform features explored in this dissertation, where F(u,v) is the 2D Fourier 
transform of the image. 

FRMS 
FRMS = g3 3 |F(u, v)|bdudv

?

l

?

l
 

Root mean square 
of the power 
spectrum 

FFMP 
𝐹𝐹𝑀𝑃 =

∫ ∫ √𝑢b + 𝑣b|𝐹(𝑢, 𝑣)b|𝑑𝑢𝑑𝑣?
l

?
l

∫ ∫ |𝐹(𝑢, 𝑣)b|𝑑𝑢𝑑𝑣?
l

?
l

 
First moment of 
power spectrum 
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1.3.3. Fractal Dimension Features 

Fractal dimension describes the self-similarity of an image.[86] Since its first suggestion by 

Mandelbrot, fractal dimension has seen use in various computer vision applications.[86] When 

used to describe the breast parenchyma, fractal dimension characterizes the complexity of the 

ductal tissue. Two methods of computing the fractal dimension include the box counting method 

and the Minkowski method. 

 Mandelbrot first described fractal dimension as a means of estimating the length of a 

coastline. He estimated the length of a coastline, L(e), by constructing an area containing all 

points with distance £ e from the coastline, and dividing this area by 2e. As he decreased the 

distance e, the estimated length of coastline, L(e), increased. He found that Equation 1.1 held for 

many coastlines, where F and D are constants for a given coastline, and D is the box counting 

dimension. 

𝐿(𝜀) = 𝐹𝜀s>< (1.1) 

 Given a digital image of a surface, differential box counting estimates the fractal 

dimension of that surface. In this method first proposed by Chaudhuri and Sarkar, the image is 

partitioned into grids of varying scales and the number of boxes containing the image boundary 

line are counted. By comparing the number of boxes containing outline over the various grid 

scales, the fractal dimension can be estimated following Equation 1.2, where A(e) is the surface 

area of the region of interest at scale size e.[87] 

𝐷t; = 2 − lim
y→l

log	[𝐴(𝜀)]
log	[𝜀]  

(1.2) 

 The Minkowski dimension describes the same characteristics, however is computed in a 

different way. The Minkowski dimension is computed by applying morphological operators at 

various scales, including dilations and erosions, following Equations 1.3 and 1.4, where f is the 
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image, g is a structuring element, and r is the scale. Both the box counting and Minkowski 

methods for fractal dimension calculation were included in this dissertation, for completeness. 

𝐷8(𝑓) = lim
S→l

log	[𝑉�(𝑟)/𝑟_]
log	[1/𝑟]  

where 

𝑉�(𝑟) = 	**{(𝑓⨁𝑟𝑔) − (𝑓⨂𝑟𝑔)}
.`s,`s

 

(1.3) 

 

 

(1.4) 

 

Fractal dimension features have been used in various clinical classification tasks, 

including evaluation of risk of breast cancer. A study by Li et al. investigated the use of fractal 

dimension features in the task of classifying high-risk women with BRCA1/2 gene mutations 

compared with low-risk women as judged by the Gail model.[65] 

 
Table 1.5. Summary of fractal dimension features explored in this dissertation. 

Feature Name Description 
Box counting Dimension Calculated by fitting the slope using e values of 0.1 mm, 0.2 

mm, 0.4 mm, 0.8 mm, 1.6 mm, 3.2 mm, 6.4 mm, and 12.8 mm 
Box counting Dimension 1 Calculated by fitting the slope using e values of 0.1 mm, 0.2 

mm, 0.4 mm and 0.8 mm. 
Box counting Dimension 2 Calculated by fitting the slope using e values of 1.6 mm, 3.2 

mm, 6.4 mm, and 12.8 mm 
Box counting Dimension 3 Calculated by fitting the slope using e values of 0.1 mm, 0.2 

mm, 0.4 mm, 0.8 mm, 1.6 mm, and 3.2 mm 
Box counting Dimension 4 Calculated by fitting the slope using e values of 0.1 mm, and 

0.2 mm 
Box counting Dimension 5 Calculated by fitting the slope using e values of 3.2 mm, 6.4 

mm, and 12.8 mm 
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1.3.4. Gray-level Co-occurrence Features (Second-Order Histogram) 

While the previously discussed first-order histogram features describe the distribution of pixel 

intensities in an image, they do not characterize the spatial distribution of such pixels. Gray-level 

co-occurrence (GLCM) features address this shortcoming by characterizing both the spatial 

relationships and intensities between pixels in image regions. Haralick et al. suggests the 

construction of a matrix summarizing the spatial relationship between neighboring pixels.[70] 

Calculations can be performed on this matrix to derive various texture features which can then be 

used for image classification. First demonstrated on satellite images for classification of land-use 

type, these features have also seen utility in medical classifications. 

 The GLCM matrix is constructed by counting the number of nearest neighbor pixels 

consisting of various intensity combinations over an image. In constructing the GLCM matrix, 

neighborhood distance and connectivity, including the directionality of connectivity, can be 

specified. In this way, many different GLCM matrices can be constructed to describe a certain 

image. It is common to bin together ranges of pixel intensities in order to reduce the size of the 

GLCM matrix, thus reducing its sparsity. Figure 1.3 shows an example of an image and its 

corresponding GLCM. Typical texture features calculated using the GLCM are summarized in  
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Table 1.6, and their equations are given in terms of the GLCM matrix elements. 

 

Figure 1.3. Example of an image and its corresponding GLCM matrix. In this example, 8-
connectivity and nearest neighbor distance was used. No directionality restrictions were 
imposed, resulting in a symmetric GLCM. 
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Table 1.6. Summary of GLCM features explored in this dissertation, where p(i,j) is the (i,j)th 
entry in a normalized gray-tone spatial-dependence matrix, px(i) is the ith entry in the marginal-
probability matrix obtained by summing the rows of p(i,j), Ng is the number of distinct gray-
levels in the quantized image, and py(j) is the jth entry in the marginal-probability matrix obtained 
by summing the columns of p(i,j). 
Feature Name Equation Description 
Contrast 

𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 = * 𝑛b

⎩
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Quantifies the combined 
effect of the gray-level 
differences in an ROI and the 
amount of local variation 

Correlation 
𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 =

∑ ∑ (𝑖𝑗)𝑝(𝑖, 𝑗) − 𝜇:𝜇O.,

𝜎:𝜎O
 

Measure of gray-tone linear-
dependencies in the image 

Difference 
Entropy 𝐷𝑖𝑓𝑓	𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = − * 𝑝:>O(𝑖) log{𝑝:>O(𝑖)}
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𝑝:�O(𝑘) = * *𝑝(𝑖, 𝑗)
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Measures the disorder related 
to the gray-level difference 
distribution of the image 

Difference 
Variance 

𝐷𝑖𝑓𝑓	𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 = 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒	𝑜𝑓	𝑝:>O 

𝑝:�O(𝑘) = * *𝑝(𝑖, 𝑗)
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Measures the dispersion of 
the gray-level sum 
distribution of the image with 
regard to the mean 

Energy 𝐸𝑛𝑒𝑟𝑔𝑦 =**(𝑝(𝑖, 𝑗))b
.,

 Measure of image 
homogeneity 

Entropy 𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = −**𝑝(𝑖, 𝑗) log(𝑝(𝑖, 𝑗))
.,

 Measure of randomness of 
the image 

Homogeneity 
𝐻𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑖𝑡𝑦 =**

𝑝(𝑖, 𝑗)
1 + (𝑖 − 𝑗)b

.,

 
Measures the smoothness of 
the gray-level distribution 

IMC1 𝐼𝑀𝐶1 =
𝐻𝑋𝑌 − 𝐻𝑋𝑌1
max	{𝐻𝑋,𝐻𝑌} 

𝐻𝑋𝑌 = −**𝑝(𝑖, 𝑗) log(𝑝(𝑖, 𝑗))
.,

 

Characterizes the correlation 
between the probability 
distributions to quantify 
complexity of the image 
texture 
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𝐻𝑋𝑌1 = −**𝑝(𝑖, 𝑗) log(𝑝:(𝑖)𝑝O(𝑗))
.,

 

IMC2 𝐼𝑀𝐶2 = (1 − exp	[−2(𝐻𝑋𝑌2 − 𝐻𝑋𝑌)])s/b 
where 
𝐻𝑋𝑌2 = −**𝑝:(𝑖)𝑝O(𝑗) log(𝑝:(𝑖)𝑝O(𝑗))

.,

 

Quantifies the complexity of 
the image texture 

 
 
 
Table 1.6, continued... 
Maximum 
Correlation 
Coefficient 

𝑀𝑎𝑥	𝐶𝐶 = (2𝑛𝑑	𝑙𝑎𝑟𝑔𝑒𝑠𝑡	𝑒𝑖𝑔𝑒𝑛𝑣𝑎𝑙𝑢𝑒	𝑜𝑓	𝑄)s/b 

𝑄(𝑖, 𝑗) =*
𝑝(𝑖, 𝑘)𝑝(𝑗, 𝑘)
𝑝:(𝑖)𝑝O(𝑘)�

 

Quantifies the complexity of 
the image texture 

Sum Average 
𝑆𝑢𝑚	𝐴𝑣𝑒𝑟𝑎𝑔𝑒 =*𝑖𝑝:�O(𝑖)
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Measures the mean of the 
gray-level sum distribution of 
the image 

Sum Entropy 
𝑆𝑢𝑚	𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = −**𝑝:�O(𝑖) log{𝑝:�O(𝑖)}

b��

,`b

b��

,`b

 
Measures the disorder related 
to the gray-level sum 
distribution of the image 

Sum Variance 𝑆𝑢𝑚	𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 = 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒	𝑜𝑓	𝑝:>O Measures the dispersion 
 

A related set of features are the neighborhood gray tone difference (NGTDM) features. 

Like GLCM features, these features measure the variation between a central pixel and the 

surrounding pixels.[83] 

 

1.3.5. Power-Law Beta 

The power spectrum of an image is calculated from the Fourier transform of an image and 

describes the frequency content. In digital imaging, the discrete Fourier transform is used in the 

calculation of the power spectrum, since a digital image has a finite number of data samples. The 

power spectrum is defined by Equation 1.5, and the power law spectrum is defined by Equation 

1.6. The exponent b is estimated by fitting the inverse exponential to the power spectrum, where 

F(u,v) is the Fourier transform of the image.[88,89] 
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𝑃(𝑓) = |𝐹(𝑢, 𝑣)|b (1.5) 

𝑃(𝑓) =
𝐵
𝑓¢

 (1.6) 

 Like the fractal dimension, power law features describe the complexity of an image. An 

image with coarser texture will have a larger b and smaller fractal dimension, and an image with 

finer texture will have a smaller b and larger fractal dimension. 

 Power law features have been shown to be descriptive of background parenchymal 

patterns, as well as predictive of a woman’s genomics.[60,88,89] For example, Li et al. investigated 

the use of power spectral analysis in classifying BRCA1/2 gene mutation carriers from low-risk 

women.[60] Thus, this dissertation includes study of these feature types in examination of a 

woman’s risk of cancer. 

 

1.3.6. Edge Gradient Features 

The gradient of pixel intensity over various distances between pixels is used to compute edge 

gradient features. Thus, edges are detected using small edge operator masks, and the distance-

dependent texture description function is computed. The larger the average gradient, the finer the 

texture and the smaller the average gradient, the coarser the texture.[61,90] The maximum, 

minimum and standard deviation of the image also provide information about the scale of 

texture. Coarseness of the background parenchyma has been shown to be indicative of a 

woman’s risk of breast cancer.[83] In general finer textures will have a high number of edges and 

high-contrast images will have large edge magnitudes. 
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Table 1.7. Summary of edge gradient features explored in this dissertation, where g(d) is the 
gradient between pixels at distance d, and n is the total number of pixels in the image. 

Feature Name Equation Description 
Mean of Gradient 𝑀𝑒𝑎𝑛	𝐺𝑟𝑎𝑑 =

1
𝑛*𝑔(𝑑) Measure of the 

coarseness of the 
texture 

Maximum of Gradient 𝑀𝑎𝑥	𝐺𝑟𝑎𝑑 = max	(𝑔(𝑑)) Greatest difference in 
adjacent pixel values 

Minimum of Gradient 𝑀𝑖𝑛	𝐺𝑟𝑎𝑑 = min	(𝑔(𝑑)) Minimum difference 
in adjacent pixel 
values 

Standard Deviation of 
Gradient 𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑	𝐷𝑒𝑣	𝐺𝑟𝑎𝑑 = g∑ |𝑔(𝑑) − 𝑔(𝑑)

¥¥¥¥¥¥|b

𝑛  
Measure of the 
variation between 
pixel gradients 

 

1.4. Technical Innovations of Presented Works 

Radiomic texture analysis has been shown to perform well in classification tasks addressing 

clinical tasks such as malignant versus benign lesion classification and response to therapy.[91–95] 

More recently, they have also been shown to be useful in risk assessment.[63] However, radiomics 

approaches do not typically incorporate consideration of repeatability over imaging conditions in 

feature selection and evaluation of the resulting classifier. To address this, novel robustness 

metrics are proposed to characterize the equivalence, variability and correlation of radiomic 

features across varying imaging conditions. In mammography, imaging protocols vary across 

and within institutions. Parameters such as peak tube current, tube voltage, exposure time, half-

value layer, quantization, and spatial resolution may vary across images within Mammography 

Quality Standards Act (MSQA) criteria.[96,97] These parameters may result in differences in texture 

values. In instances of feature comparison, it is critical to either correct for the impact of imaging 

parameters or to limit comparisons to only features with values that are affected less by the 

imaging parameters than the biological characteristic of interest. 
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 Given the proposed robustness metrics, a method of feature selection is proposed that 

incorporates robustness assessment and classification evaluation in the construction of radiomics 

classifiers. This proposed method was designed to incorporate hierarchical clustering to identify 

redundant features. Then, robustness metrics are applied to identify a set of robust, non-

redundant features. Once this set of features is identified, stepwise feature selection is applied to 

identify a subset of these features that are descriptive in the clinical task at hand. Thus, by 

proposing a feature selection method incorporating robustness, this work encourages a move 

towards consideration of imaging parameters in radiomics studies. 

 This work additionally explores implementation of emerging technologies in medical 

physics. One such exploration presented is the use of convolutional neural networks (CNNs) for 

transfer learning. As CNNs have gained popularity in the field of medical physics, here we 

present an examination of the use of transfer learning on DBT images as this modality is gaining 

ubiquity. 

 Furthermore, this work brings innovation to radiomic breast cancer risk assessment by 

incorporating temporal sequences of screening mammograms. While most studies in radiomics 

studies in medical imaging involve evaluation of a single image or a set of images acquired on a 

single date, we propose use of long short-term memory networks for use on temporal sequences 

of screening mammograms collected over a series of years for breast cancer screening. This 

method is illustrated in predicting risk of future malignant lesions. 

 

1.5. Outline of Presented Works 

Chapter 2 presents novel metrics for feature robustness characterization and describes their use 

in comparing radiomic features calculated on images from two different mammography vendors. 
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Chapter 3 presents a method for feature selection by applying the metrics proposed in Chapter 2 

to select a set of features that are robust, non-redundant and relevant to the clinical task at hand. 

This method is illustrated in the clinical task of predicting the presence of high-risk factors. 

Chapter 4 implements transfer learning from convolutional neural networks to the task of 

classifying lesions detected in tomosynthesis images as either malignant or benign. Chapter 5 

uses temporal sequences of mammograms acquired prior to detection of a mammographic 

abnormality to classify subsequently identified lesions as malignant or benign using long short-

term memory networks. 
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Figure 1.4. Summary of organizational structure of the presented works. Additionally, Chapter 1 
is an introduction, and Chapter 6 is a conclusion of the works described here.  
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CHAPTER 2 

Robustness of Radiomics Across Two Digital Mammography 

Manufacturers’ Systems 

2.1 Introduction 

CAD has become a routine part of clinical workflow in mammography screening for early 

detection of breast cancer. Many clinical CAD systems employ radiomic feature extraction for 

detection and diagnosis of breast tumors.[98,99] However, the methods used in CAD have also been 

shown to aid in other clinical tasks, such as risk assessment. Radiomic features, such as breast 

density, have been shown to hold a role in predicting risk in asymptomatic women, prior to 

cancer induction.[100,101] Research studying risk predictors has also included radiomic texture 

analysis, which incorporates textural descriptors of the breast parenchyma.[102–104]  

Within quantitative imaging, the goal of radiomics is to extract biologically meaningful 

information, as opposed to modifications caused by the image acquisition process. These types 

of modifications may be introduced by sources including image acquisition parameters, differing 

manufacturers or models, and differing hospital settings. Because these characteristics do not 

describe patient biology, efforts to standardize and harmonize imaging data can help remove 

these outside influences. Small datasets with heterogeneities in acquisition are often combined in 

the curation of large datasets, which are a key component of “big-data” methods such as machine 

learning and deep learning. Heterogeneities in data caused by non-biological factors are 

detrimental to utility of studies in this area. A first step to achieving data harmonization across 

imaging datasets is to develop an understanding of how some of the imaging variables affect 

feature calculations. Initial work to explore this was performed by Li et al. in comparing 
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classification performance on digitized screen-film mammograms to FFDM images in the task of 

risk assessment. 

This study investigates the variation and robustness of radiomic features across two 

equipment manufacturers. Understanding feature variation and robustness may enable studies 

that lead to improved cancer risk assessment, detection, and diagnosis in the clinical arena. In 

this chapter, we propose novel metrics for robustness assessment and illustrate their use in 

characterizing feature robustness across two vendors’ systems. Thus, this work contributes a 

method of evaluating feature robustness that may aid future radiomic studies by facilitating 

robustness considerations in feature selection. 

 

2.2. Materials and Methods 

2.2.1. Image Acquisition and Database Description 

This retrospective study examined FFDM images acquired on a screening population of 111 

women with low or average risk of breast cancer. Each case had screening mammography on a 

General Electric (GE) system and a Hologic system, separated in time by approximately one year 

(mean = 1.29 years, range: [0.86, 3.07] years). Of the 111 subjects, 104 were imaged first on a 

GE system, and 7 were imaged first on a Hologic system. No breast procedures were performed 

on subjects between the two studies. At the date of each subject’s GE screening, subject ages 

ranged from 36 to 88 years (mean = 54.0 years, median = 52 years, standard deviation = 11 

years). A description of the study population is included in Table 2.1. The FFDM images in this 

study were reviewed by an expert radiologist, and each case was included in this study only if no 

detectable abnormalities were observed in the images from both the GE and Hologic sets of 

mammograms. All images were acquired at the University of Chicago Medical Center. 
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Table 2.1. Demographics of the study population. The Hologic and GE imaging dates were 
separated by approximately one year and BI-RADS density is not always consistent between 
imaging exam dates, so the ages and breast density score are reported at the time of the GE 
exam. Data in parentheses are percentages. 

Variable Study Population Value 
Mean age (y) 54.0 
Age (y)  
  <40 4 (2.70) 
  40-49 40 (36.04) 
  50-59 38 (34.23) 
  60-69 18 (16.22) 
  70-79 8 (7.21) 
  >80 3 (2.70) 
Breast density score  
  A 3 (2.70) 
  B 34 (30.63) 
  C 62 (55.86) 
  D 12 (10.81) 

 

The FFDM images used in this study were collected retrospectively under an IRB-approved, 

HIPAA-compliant protocol. One set of images was acquired on a GE FFDM (Senographe 

2000D) at 12-bit quantization with a pixel size of 100 ´ 100 µm. Another set of images was 

acquired on a Hologic FFDM (Lorad Selenia) at 12-bit quantization with a pixel size of 70 ´ 70 

µm. Relevant system characteristics are summarized in Table 2.2. 

 

Table 2.2. Summary of several key differences and similarities between the two systems 
examined in this paper. 

Property GE Senographe Hologic Selenia 
Pixel Size 100 µm ´ 100 µm 70 µm ´ 70 µm 
Quantization 12-bit 12-bit 
Anode Material Rhodium Tungsten 
Detector Size 24 ´ 30.7 24 ´ 29 
Detector Material Amorphous Silicon Amorphous Selenium 
Conversion Method Indirect Direct 
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Regions of interest (ROIs) of size 256 ´ 256 pixels were selected manually from the 

central breast region directly posterior to the nipple in the craniocaudal projection of the 

mammographic images. Previous studies have shown that the radiomic features extracted from 

this ROI placement perform superiorly on risk assessment tasks.[61] ROI placement is illustrated in 

Figure 2.1, and the overall workflow is illustrated diagrammatically in Figure 2.2.  

ROIs and radiomic texture features were extracted in a dedicated workstation. 

Subsequent analyses were performed in MATLAB (Version R2015b).  

 

 

Figure 2.1. Region of interest placement, where the blue outline shows the region that is 
considered in feature extraction and analysis. 
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Figure 2.2. Flow chart illustrating the image analysis and feature extraction process employed in 
this study of feature robustness. 

 

2.2.2. Radiomic Feature Extraction 

Features describing mammographic parenchymal texture patterns were extracted automatically 

from each ROI. These computer-extracted features were based on algorithmic implementations 

of mathematical models for texture characteristics and have already been reported extensively in 

the literature. Texture characteristics were based on intensity, spatial pattern, and directionality 

within each ROI. Specifically, we computationally implemented (a) gray-level histogram 

analysis, (b) fractal dimensionality analysis, including box counting method and Minkowski 

method, (c) Fourier and power spectral analysis, (d) edge gradient analysis, and (e) GLCM 

features, as detailed elsewhere and in Chapter 1.4.[60,65,66,104] We categorized each feature computed 
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by these methods based on the texture quality that it described. These categories include 

intensity, spatial pattern, and directionality measures. 

 

2.2.3. Statistical Evaluation 

A goal of this quantitative imaging study was to develop metrics with which to evaluate the 

robustness of widely applied radiomic texture features as computed from mammograms across 

varying manufacturers. To that end, we selected four parameters for the assessment of the 

robustness of these features. These metrics were used to separate radiomic features into 

categories of robust and non-robust in terms of consistency across imaging manufacturer. The 

robustness metrics presented in this study included (a) the mean of feature ratios (MFR) to 

estimate equivalence, (b) the standard deviation of feature ratios (SDFR) to estimate variability, 

(c) the Spearman correlation coefficient (rF) to describe correlation, and (d) the statistical 

significance of the Spearman correlation coefficient. 

 

2.2.3.1. Equivalence: Mean of Feature Ratios (MFR) 

The MFR was computed for each specific texture feature by comparing the ratio of the Hologic 

feature value to the GE feature value for each case, and then computing the mean value of these 

ratios across all pairs of images in the dataset. This calculation is given in Equation 2.1. Highly 

robust features are expected to produce similar values, regardless of imaging system employed, 

so a mean of ratios near unity indicates robustness in this regard. In this equation, fi,v indicates the 

value of a feature f for patient i on vendor system v. In this study, Hologic and GE were used for 

v1 and v2. 
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(2.1) 

 

2.2.3.2 Variability: Standard Deviation of Feature Ratios (SDFR) 

The variability between feature ratios was also examined to understand how consistent the 

feature ratio was across cases. To characterize this variation, the SDFR was computed as 

described in Equation 2.2. The ideal feature would have a constant ratio across manufacturers of 

one for every case, so a low variability near zero suggests robustness. In this equation, fi,v 

indicates the value of a feature f for patient i on vendor system v. 

𝑆𝐷𝐹𝑅 = ¨
1
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𝑓,,Ms
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,`s

 

(2.2) 

2.2.3.3 Correlation: Feature Correlation (rF)  

The feature correlation across imaging systems was measured using the Spearman correlation 

coefficient (rF). The statistical significance of each correlation was measured by the p-value of rF. 

Comparisons between these different robustness metrics were drawn, and ranges of 

acceptable criteria values as indicators of robustness were selected based on the distribution of 

features in this dataset. These proposed robustness metrics are presented in Table 2.3. 
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Table 2.3. Summary of the figures of merit used to characterize robustness, possible values each 
metric may hold, ideal values indicating “perfect” robustness, and cutoff ranges proposed in this 
study to indicate robustness. 

Name Description Possible Values Ideal Value 
MFR Mean of feature 

ratios 
𝑀𝐹𝑅 ∈ ℝ 1 

SDFR Standard 
deviation of 
feature ratios 

𝑆𝐷𝐹𝑅 ≥ 0 0 

𝝆𝑭 Spearman 
correlation 
coefficient 

−1 ≤ 𝜌= ≤ 1 1 

𝒑 P-value of 
spearman 
correlation 
coefficient 

𝑝 ≥ 0 0 

 

2.2.4. Sensitivity to ROI Placement 

This study recognizes the inherent limitation that placement variability may exist across images 

due to the deformable nature of breast tissue across repeat imaging. To understand the extent to 

which this limitation may have impacted our results, we investigated the sensitivity of radiomic 

features to ROI placement in terms of feature robustness. This was done by examining non-

overlapping sub-samples of each ROI. We selected ROIs of size 128 ´ 128 pixels from non-

overlapping positions within each original 256 ´ 256 pixel ROI. Radiomic features were 

computed in each of the sub-ROI positions and correlations between sub-ROIs from each 

individual case were examined, within each manufacturer image. A strong feature correlation 

indicated robustness to image region placement within a single image, while weak feature 

correlation indicated poor robustness to image registration and therefore high variability 

dependent on ROI placement. Features that remain relatively unchanged in response to shifts in 

region placement may be less impacted by imperfections in region alignment across the two 

images studied.  
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2.3. Results 

The MFR, SDFR, rF, and p-value of rF of each feature were computed. The resulting values are 

summarized in Table 2.4. Through inspection, empirically based ranges in performance criteria 

for features were selected to differentiate robust from non-robust features. These criteria required 

(a) 0.8 < MFR < 1.2, (b) SDFR < 0.3, (c) rF > 0.5, and (d) p < 0.05 (statistically significant 

correlation). These cut-off values were data-driven and are highly specific to this feature set and 

data set. Subsequent studies may use different criteria to identify the most robust features. 

 

Table 2.4. Statistics describing the robustness metrics used in this study describing all features 
calculated in this study. The large range and standard deviation of each robustness metric 
suggests a wide range in overall robustness of the features examined in this study. The large 
range and standard deviation of each robustness metric suggests a wide range in overall 
robustness of the features examined in this study. 

Robustness 
Metric 

Minimum Maximum Average Standard 
Deviation 

Cutoff Decision 

MFR -5.4 68.5 18.6 23.7 
 

0.8 < 𝑀𝐹𝑅 < 1.2 

SDFR 0.0 81.1 16.9 22.3 
 

𝑆𝐷𝐹𝑅 < 0.3 

𝝆F -0.1 0.7 0.3 0.2 
 

𝜌= > 0.5 

 

Features that met the criteria for robustness as proposed in this study included six box-

counting fractal dimension features, 20 Minkowski fractal-dimension features, four power law 

features, and four GLCM features. The individual features that met the defined criteria for 

robustness tended to describe spatial patterns, as opposed to directionality or intensity in each 

image. A list of these features and corresponding values of the robustness criteria is included in 

Table 2.5. The same radiomic features were found to meet robustness criteria when a subset of 
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the study population of matched BI-RADS density was examined. These results are presented in 

Table 2.6. 

 

Table 2.5. Summary of features found to meet the robustness criteria proposed in this chapter. 
The mean of each feature on the GE and Hologic ROIs are reported separately. The standard 
error (SE) reported on the MFR was calculated using replacement bootstrapping (100 samples). 

Feature Name 𝝁𝑮𝑬 𝝁𝑯𝒐𝒍𝒐𝒈𝒊𝒄 MFR ± SE SDFR rF p-value 
Box counting Dimension (all 8 points) 2.8 2.9 1.040 ± 0.002  0.04 0.5 < 0.001 
Box counting Dimension (first 4 points) 2.8 2.9 1.016 ± 0.002 0.03 0.7 < 0.001 
Box counting Dimension (first 6 points) 2.7 2.8 1.025 ± 0.002 0.03 0.6 < 0.001 
Box counting Dimension (first 3 points) 3.0 3.0 1.008 ± 0.002 0.03 0.7 < 0.001 
Box counting Dimension (last 4 points) 2.6 2.7 1.037 ± 0.004 0.05 0.6 < 0.001 
Box counting Dimension Regression y-
intercept 

-0.8 -0.9 1.157 ± 0.012 0.17 0.5 < 0.001 

Global Minkowski Fractal Dimension 2.5 2.5 1.008 ± 0.001 0.02 0.7 < 0.001 
Minkowski Minor Axis Diameter 9.5 11.2 1.179 ± 0.008 0.12 0.6 < 0.001 
Powerlaw Beta (fine binning log of 
average) 

2.0 1.9 0.972 ± 0.006 0.10 0.5 < 0.001 

Powerlaw Beta (fine binning average of 
log) 

1.9 1.9 0.973 ± 0.007 0.09 0.5 < 0.001 

Powerlaw Beta (coarse binning log of 
average) 

2.4 2.3 0.949 ± 0.005 0.08 0.6 < 0.001 

Powerlaw Beta (coarse binning average 
of log) 

2.4 2.3 0.952 ± 0.005 0.08 0.6 < 0.001 

GLCM Correlation 1.0 0.9 0.979 ± 0.003 0.04 0.6 < 0.001 
GLCM IMC 1 -0.4 -0.3 0.863 ± 0.014 0.21 0.6 < 0.001 
GLCM IMC 2 1.0 0.9 0.980 ± 0.003 0.04 0.6 < 0.001 
GLCM Maximum Correlation 
Coefficient 

1.0 0.9 0.978 ± 0.002 0.04 0.6 < 0.001 
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Table 2.6. Summary of robustness metrics calculated on subsets of the full data population 
separated by radiologist-assigned BI-RADS density category. Due to limited quantities of data in 
these subsets, rF and the corresponding p-value are not reported. The number of cases in each 
density category are reported, and both breasts for each patient were included in the calculation 
of robustness metrics. 

 
 
 
Feature Name 

BI-RADS 
Density A 

n = 3 

BI-RADS 
Density B 

n = 34 

BI-RADS 
Density C 

n = 62 

BI-RADS 
Density D 

n = 12 
MFR SDFR MFR SDFR MFR SDFR MFR SDFR 

Box counting Dimension (all 8) 1.01 0.05 1.03 0.04 1.04 0.05 1.03 0.03 
Box counting Dimension (first 4) 1.01 0.02 1.02 0.03 1.01 0.04 1.03 0.04 
Box counting Dimension (first 6) 1.01 0.02 1.03 0.03 1.02 0.04 1.03 0.03 
Box counting Dimension (first 3) 1.00 0.02 1.01 0.03 1.00 0.04 1.03 0.05 
Box counting Dimension (last 4) 0.99 0.01 1.04 0.05 1.04 0.05 1.02 0.04 
Box counting Dimension 
Regression y-intercept 

1.02 0.16 1.14 0.17 1.15 0.19 1.11 0.09 

Global Minkowski Fractal 
Dimension* 

1.00 0.01 1.01 0.01 1.01 0.02 1.01 0.02 

Minkowski Minor Axis Diameter 1.17 0.16 1.20 0.14 1.16 0.13 1.18 0.09 
Powerlaw Beta (fine binning log 
of average) 

1.03 0.04 0.96 0.09 0.99 0.12 0.93 0.10 

Powerlaw Beta (fine binning 
average of log) 

1.04 0.04 0.97 0.10 0.99 0.11 0.93 0.10 

Powerlaw Beta (coarse binning 
log of average) 

1.00 0.04 0.93 0.08 0.97 0.10 0.93 0.08 

Powerlaw Beta (coarse binning 
average of log) 

1.00 0.03 0.94 0.08 0.96 0.09 0.93 0.08 

GLCM Correlation 0.99 0.03 0.98 0.04 0.98 0.05 0.98 0.03 
GLCM IMC 1 1.01 0.16 0.86 0.19 0.89 0.27 0.85 0.18 
GLCM IMC 2 0.99 0.03 0.98 0.04 0.99 0.05 0.98 0.03 
GLCM Maximum Correlation 
Coefficient 

0.98 0.03 0.98 0.04 0.98 0.04 0.98 0.03 

 

As illustrated in Figure 2.3, features included in this study displayed a wide range of rF and 

MFR. By inspection of this graph, we determined that spatial pattern features produce values 

comparatively highly correlated, with similar values across manufactures compared with features 

computed to describe texture directionality or image intensity. Differences between the mean of 

ratios and ratio of means, as shown in Figure 2.4, demonstrate the existence of cases with ratios 

that far from the mean for several given features. Standard error of the MFR was calculated 
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using bootstrapping with replacement.[105] A mean of ratios near the ratio of means indicates 

robustness. Features with a ratio of means far from the mean of ratios may thus be considered 

non-robust. 

 

Figure 2.3. Scatter plot showing the correlation and mean of ratios of various features examined 
in this study. Graph (a) is scaled to show all features included in this study, and (b) is the same 
plot reproduced with a narrower scale to show in more detail the robustness of features included. 
The color of each point shows the categorical basis of that feature. Solid black lines show the 
ranges of the robustness selection criteria employed in this study. Most features with high 
correlation and mean of ratios near a value of one tend to be spatial pattern features, as opposed 
to intensity-based or directionality-based features.  



 40 

 

Figure 2.4. Scatter plot showing the mean of ratios and ratio of means of each feature 
investigated in this study. Features with a low number of outliers have similar values for the ratio 
of means and mean of ratios, while features with data deviating from a uniform pattern tended to 
have greater values for the mean of ratios compared to the ratio of means. 

 

In an investigation of the impact of ROI placement on radiomic feature values, we found that 

correlation across non-overlapping ROIs in a single image were, on average, higher than the 

correlations across manufacturers. The first, second, and third quartiles of feature correlation 

computed on non-overlapping regions within a single image are shown in Figure 2.5. 
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Figure 2.5. Boxplot showing the effect of region placement on radiomic features extracted from 
GE and Hologic FFDM images. In this figure, the blue boxes indicate the first and third quartiles 
of feature correlations when 64 ´ 64 pixel sub-ROIs of non-overlapping location in a single 
image are compared. The red horizontal lines in each box represent the median of feature 
correlations. 

  

To explore whether the observed correlations were decremented by outliers or whether the 

observed correlations describe the overall relationship, we trimmed the data points included in 

correlation calculations for each feature by removing any point that lay in the first or fourth 

quartile in each the Hologic and GE system datasets in terms of the feature value quartiles. 
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Specifically, note that data points were removed if their value fell outside of the interquartile 

range compared to other patient feature values, but not based on the agreement across features 

calculated on the two vendors. Correlations were computed on the retained data points, and 

values of the rF robustness metric were improved in 26 out of 217 features. Each of the 26 

features that produced an increased correlation coefficient were defined as non-robust by our 

previously described metrics, and the correlation coefficient did not increase by enough to move 

any of these features into the robust category. An examination of a subset of robust and non-

robust features with illustrative cases of good feature agreement and poor feature agreement are 

provided in Figure 2.6. 
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Figure 2.6. Illustration of example ROIs for the case of good and poor agreement across robust 
and non-robust features. Robust features are those that met the robustness criteria proposed in 
this study on a population level. Here, the examples shown are for the individual patient with the 
best and worst agreement of each feature within the dataset.  
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2.4. Discussion 

In this study, we investigated feature robustness across different manufacturers of mammography 

equipment. We quantified heterogeneities in feature values caused by the variation of this 

parameter in the image acquisition process. This examination is intended to represent a first step 

in motivating a broader look at the quantitative effects that various steps of the image acquisition 

process have on extracted features and the role that this may play in CAD, evaluation of response 

to therapy, and other quantitative image analyses.   

Our principal interest was in investigating measures of feature robustness across images 

acquired under different imaging parameters and with different imaging equipment. As such, we 

chose to use descriptors of equivalence, variability, and correlation in judging the agreement in 

feature values across acquisition on equipment from different manufacturers. We thus expect that 

robust features would demonstrate high equivalence across manufacturers. However, we accept 

that due to many factors, some of which are listed in Table 2.2, perfect equivalence is highly 

unlikely. Therefore, we expanded our criteria to assess the correlation between feature values as 

produced by the two different manufacturers. 

Several factors affect the values of features examined in this study. As explored in this study, 

the placement of the ROI plays a role in the computation of feature values. This was illustrated 

by the range of correlation coefficients for features calculated in adjacent, but not overlapping, 

ROIs in a single image as illustrated in Figure 2.5. The effect of image acquisition parameters 

was removed by comparing correlation coefficients in a single image. Therefore, any deviation in 

feature value within a single image at different points demonstrates sensitivity of that feature to 

ROI placement. For features that are highly sensitive to ROI placement, any differences in 

feature placement across images from different manufacturers would produce changes leading to 
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induction of heterogeneity in the dataset. Li et al. has shown that changing the breast region in 

which an ROI is placed can significantly decrease the utility of texture features in the task of 

assessing risk.[61]  

Certain radiomic features were shown to be sensitive to characteristics of the mammography 

vendor, such as equipment and post-processing algorithms. While pixel size is accounted for in 

the feature computation algorithm, it may still affect the values of different features. This is 

because larger pixels do not show finer detail, and some features that compute feature on a finer 

scale may lose this information.  

A limitation in this study was the use of “for presentation” as opposed to “for processing” 

images. The images used in this study were processed by manufacturer-defined algorithms prior 

to feature extraction, and the algorithms used were not held constant over cases due to periodic 

updates of clinical systems throughout the period covered by our retrospective image collection. 

While the systems used in this study are no longer state-of-the-art, they are sufficient for us to 

present new metrics for use in assessing robustness.  

It is interesting to note that many of the features found to be robust in this study are among 

the more frequently used features in literature. Specifically, the various calculations of box 

counting dimension, Minkowski dimension, power law beta, GLCM correlation, GLMC IMC1, 

GLCM IMC2, and GLCM maximum correlation coefficient are consistently considered in 

analyses by our group.[60,63,65,83,106] 

It is important to also note that scans on GE and on Hologic machines were separated in time 

by about one year, as each was part of normal screening for the respective patient. It has been 

well documented that parenchymal patterns, including density, change over a woman’s 

lifespan.[107] As we did not obtain scans on different mammography equipment on the same date, 
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age was not controlled for in our study. However, it would be interesting to explore the 

quantitative effect of age on the feature values explored in this study. 

 

2.5. Conclusion 

The field of radiomics depends on large datasets to draw robust conclusions about the detection, 

diagnosis, and therapy response of various diseases. One method by which large datasets might 

be produced is by combining smaller datasets acquired under different parameters, such as with 

different imaging equipment from different manufacturers. In doing so, there is the innate 

assumption that the differences between radiomic features are due to the patient biology and not 

differences in image acquisition. Therefore, this study aimed to draw conclusions as to which 

texture-based radiomic features are robust to the merging of datasets acquired on different 

mammography equipment. In this study, we proposed a set of robustness metrics including (a) 

the MFR to estimate equivalence, (b) the SDFR to estimate variability, (c) the Spearman 

correlation coefficient (rF) to describe correlation, and (d) the statistical significance of the 

Spearman correlation coefficient to describe the robustness of radiomic features. These metrics 

were applied to FFDM texture features derived from cases imaged on two digital mammography 

systems from different manufacturers and used to differentiate robust from non-robust features in 

this regard. 

By providing metrics to characterize the robustness of radiomic features across 

heterogeneous image sets, we hope to lay the groundwork for future efforts to develop methods 

of standardization and harmonization of data. This stands to produce more homogeneous datasets 

and further improve big data studies and implementation of machine learning in quantitative 

imaging.   
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CHAPTER 3 

Robustness Assessment and Classification Evaluation (RACE) 

Demonstrated on Multi-Manufacturer FFDM 

3.1. Introduction 

Breast cancer is one of the most commonly screened for forms of cancer, with 65.3% of women 

age 40 and over reporting having had a mammogram in the past two years.[108] In addition to 

detecting cancer, mammograms provide imaging phenotypes that may inform lifetime risk. For 

example, it has been well documented that mammographic density can be useful in predicting 

breast cancer risk.[56,59,64] Typically, personalized risk models include characteristics such as age, 

family history and certain genetic mutations such as BRCA1/BRCA2. Developments in CAD 

suggest that parenchymal texture may also help inform risk along with these other demographic 

factors. Thus, stronger risk prediction models may be facilitated by considering imaging 

phenotypes and their relationships to cancer risk. 

Quantitative measures of parenchymal texture have been successfully applied to evaluate 

the risk of cancer in asymptomatic females.[55,57,60,63,65–69] These studies used radiomic texture features 

including fractal dimension,[65] power-law spectral analysis,[60] absolute gray-level, gray-level 

histogram analysis, neighborhood gray tone difference matrix (NGTDM), and GLCM.[70] 

Risk evaluation stands to be particularly impactful for patient care due to established 

high-risk screening recommendations that have been enacted by agencies such as the American 

Cancer Society. These recommendations help translate identification of high-risk individuals to 

actionable recommendations, which may lead to improved early detection of disease.[71] The 

availability of specialized screening modalities such as MRI and clinical impact of supplemental 
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screening on high-risk populations has elevated the demand for strong risk evaluation metrics. 

The actionable screening steps available to women at an elevated risk of breast cancer have 

motivated continued research in risk assessment in order to best utilize the available specialized 

screening modalities. 

One challenge faced in developing widely generalizable imaging phenotypes is the 

sensitivity of individual texture features to imaging conditions. Imaging conditions such as 

manufacturer, kVp, and processing algorithms may each affect radiomic feature values.[109–113] 

Studies have been performed to evaluate repeatability (test-retest) and reproducibility of 

radiomic features in cancer imaging. 

In a study by van Velden et al., the repeatability of radiomic features in non-small-cell 

lung cancer (NSCLC) using positron emission tomography (PET) computed tomography (CT) 

images was investigated.[114] The study reported high repeatability of radiomic features relative to 

standardized uptake value measures and found that features were more sensitive to region of 

interest placement than to changes in reconstruction.  

Drukker et al. performed case-based analysis to evaluate repeatability on sonographic 

lesions in the task of classifying lesions as malignant or benign.[115] The study sought to investigate 

case-based classifier output over bootstrapped repetitions. 

Hunter et al. studied reproducibility and redundancy of radiomic features of NSCLC 

patients and on a texture phantom from CT.[116] The study reported that feature redundancy and 

reproducibility was highly machine-sensitive.  

Zhao et al. used same-day repeat CT scans of lung cancer patients to evaluate the impact 

of reconstruction settings, slice thickness, and reconstruction algorithms on feature 
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repeatability.[117] The study concluded that most texture features are repeatable, although they were 

significantly impacted by reconstruction parameters. 

However, incorporation of repeatability and reproducibility into feature selection and 

classification construction procedures is relatively unexplored. Therefore, this study proposes 

methods by which to implement the findings of robustness studies to the improvement of CAD 

methodology. Here, we define repeatability as the variation between measurements using the 

same equipment, and reproducibility as the variation between measurements using different 

equipment. 

Many feature signatures for risk are developed on homogeneous databases, and 

reproducibility over imaging conditions is not always evaluated in imaging phenotype studies. 

Efforts towards this end have been taken by the Quantitative Imaging Biomarkers Alliance 

(QIBA) by forming working groups to focus on metrology concepts, algorithm comparisons and 

technical performance of imaging biomarkers. These groups have published metrology papers 

describing best practices for studies involving analysis of imaging biomarkers.[118–120] The work 

presented here builds off of these works. To ensure generalizability of findings to heterogeneous 

imaging conditions, this study seeks to identify a parenchymal texture signature descriptive of 

risk of breast cancer by emphasizing both (a) robustness across imaging manufacturer and (b) 

classification accuracy in feature selection methodology. This is important because in clinical 

practice, images are acquired on a number of different models from many manufacturers, used 

with a range of settings. Our study seeks to present a method of identifying features that are 

repeatable over FFDM manufacturers and incorporate the subset of these that are descriptive and 

non-redundant into the construction of a classification model. We demonstrate this method using 

the clinical task of classifying collectively the presence of breast cancer risk factors. For brevity, 
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we refer to this two-stage method as RACE (robustness assessment, classification evaluation) as 

shown in Figure 3.1. 

 

 

Figure 3.1. Diagrammatic illustration of steps involved in the RACE method. Texture features 
are first clustered and assessed in terms of robustness using only feature values and vendor 
information, remaining blinded to risk classification. The union of features identified by 
clustering features from M1 (machine one) and M2 (machine two) is the set considered to be 
robust and non-redundant. The most robust and non-redundant features are identified, and only 
these features are used as feature candidates in classification evaluation. Solid and dashed arrows 
show two different data pathways followed to evaluate the generalization of classification of the 
heterogeneous image datasets. The full analysis was repeated twice; once with the GE unit as M1 
and the Hologic unit as M2, and then again with the GE unit as M2 and the Hologic unit as M1. 
The task in this study was to classify patients as having either a high or low risk of breast cancer. 

 

 

3.2. Materials and Methods 

3.2.1. Image Acquisition and Database Description 

All images included in this study were retrospectively collected FFDM acquired under standard 
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clinical protocols. All images were acquired at the University of Chicago Medical Center. All 

images used in this study were collected under an institutional review board (IRB) approved, 

Health Insurance Portability and Accountability Act (HIPAA) compliant protocol. All subjects 

had no detectable mammographic abnormalities and were classified as either having or not 

having a risk factor of breast cancer. This classification was based on each subject’s family 

history of breast cancer, family history of ovarian cancer, personal history of atypical ductal 

hyperplasia (ADH), and personal BRCA1/BRCA2 status. Additionally, patients with a personal 

history of breast cancer or any suspicious abnormality were excluded from this study. Thus, 

while risk varied between the two groups, no lesions were present in the images examined in this 

study as judged by the clinical radiologist report accompanying each image and verified by a 

breast image researcher. Each subject underwent screening mammography on a GE system and a 

Hologic system. The GE images were acquired on a GE Senographe 2000D at 12-bit 

quantization with a pixel size of 100 ´ 100 µm. The Hologic images were acquired on a Hologic 

Lorad Selenia at 12-bit quantization with a pixel size of 70´ 70 µm. Sets of images were 

separated in time by about 1 year. The mean age of women without high risk factors present was 

54.3 years (range = 39-86), and the mean age of women with high risk factors present was 49.7 

years (range = 24-88). No breast procedures were performed on subjects between the two 

studies, and all images were assigned BIRADS 1 (negative) when reviewed by a clinical breast 

radiologist. Characteristics of the study population are summarized in Table 3.1. 
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Table 3.1. Demographics of the study population separated by risk of cancer. Data in 
parentheses are percentages. Radiologist-reported BIRADS density was not always consistent 
between the GE and Hologic imaging exam, so values in this table represent the density and age 
reported at the time of the GE exam. Also, summary of indication for high-risk designation is 
presented. Some subjects may be designated as high-risk for more than one factor. A breakdown 
of inclusion criteria is also shown. In this context, small breast is defined as breast area smaller 
than the size of a 512x512 pixel square as this limited our ability to compute features on images 
in this analysis. 

Variable Number of Patients without 
Risk Factors Present 

Number of Patients with 
Risk Factors Present 

Mean age (SD) 54.3 (10.5) 49.7 (11.6) 
Age (year)   
<40 1 20 
40 to 49 31 29 
50 to 59 28 37 
60 to 69 15 10 
70 to 79 7 4 
³80 1 2 
Breast density score   
A 2 4 
B 27 41 
C 44 54 
D 10 3 
   
Risk Factor   
Family history of breast 
cancer 

-- 107 

Family history of ovarian 
cancer 

-- 9 

BRCA1/BRCA2 mutations -- 3 
Personal history of ADH -- 1 
   
Breast Area Exclusion Patients Images Patients Images 
Total in Database 86 172 112 224 
# Small Breast 3 9 10 27 
# Included in study 83 163 102 197 

 

A small number of women were excluded from this study because the breast area in their 

images was smaller than that required for placement of the ROI. Small breast area could result 

from small breast volume, large pixel size, or the extent of breast compression during image 

acquisition. The quantity of such exclusions is reported in Table 3.1. 
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The distribution of time intervals between exams is shown in Figure 3.2. This histogram 

shows the interval of time between the GE and Hologic exam dates for each patient included in 

this study, separated by those with a high or low risk of breast cancer. The distribution of days 

between exams for the group with and without high risk factors were not shown to be 

significantly different by the two-sample t-test (p = 0.29).[121] Thus, this suggests that differences 

in time intervals between the two populations can be explained by random chance. 

 

Figure 3.2. Histogram demonstrating the interval of time between the date of the GE exam and 
the Hologic exam, for each patient included in the study. The time between exams was not found 
to be significantly different between women with and without high risk factors present (p = 
0.29). Note that the GE image was not always acquired before the Hologic image. 

 
ROIs and radiomic texture features were extracted in a dedicated workstation. 

Subsequent analyses were performed in MATLAB (Version R2015b).  

 
 
3.2.2. Radiomic Feature Extraction 

Radiomic texture features were calculated on square ROIs of size 512 ´ 512 pixels which were 

manually placed in the central breast region posterior to the nipple. The CC images of the left 

and right breasts were used. Manual alignment over the two vendor images was done by visually 

examining both images simultaneously. Previous studies have shown that this ROI size and 
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placement scheme performed best across different locations in the breast.[61] Because all images 

had a negative or benign interpretation, ROIs were placed over normal background parenchymal 

tissue. Following manual ROI placement, features were automatically calculated on each ROI. 

The features were based on algorithmic implementations of mathematical texture descriptors that 

have been reported extensively in the literature.[60,65,70] Specifically, features were based on (a) gray-

level histogram analysis, (b) fractal dimensionality analysis including the box-counting method 

and Minkowski method, (c) Fourier and power spectral analysis, (d) edge gradient analysis, and 

(e) GLCM. The quantity of features calculated from each group is summarized in Table 3.2. This 

set of quantitative features was evaluated because the constituent features have demonstrated 

utility in previous studies involving clinical classifications based on parenchyma regions in 

FFDM images.[60,61,65,66] These features are discussed in greater detail in Chapter 1.4. 

 

Table 3.2. Quantity of feature types included in the feature set from which features were selected 
for classification analysis. 

Feature Category Number of Features 
Fourier  148 
Box counting fractal dimension 6 
Edge-frequency  4 
Histogram  38 
Minkowski fractal dimension 32 
Power-law beta 8 
GLCM 14 
First order 6 

Total 256 
 

3.2.3. Robustness Assessment 

Hierarchical clustering was performed to identify groups of redundant features.[122] In hierarchical 

clustering, a hierarchy of clusters is built in an unsupervised manner such that objects in each 

cluster are similar with respect to a specified metric. In this study, the Pearson correlation 
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coefficient was used as the distance metric.[123] Clustering was performed in an agglomerative 

manner such that maximally similar clusters were iteratively merged in the construction of the 

feature hierarchy. Single linkage (nearest neighbor) was used to describe the distance between 

objects. The number of clusters used in grouping ranged from 18 to 256 in order to evaluate the 

impact of varying levels of strictness in robustness considerations, as the motivation of clustering 

is to select one robust feature from each cluster to consider in later stages of feature selection. 

The lower end of the range of the number of clusters was chosen based on the findings of Hua et 

al.[124] The upper end of the range of the number of clusters was chosen because a total of 256 

radiomic features were considered in this study. Therefore, by sorting the features into 256 

clusters, only a single feature persists in each cluster, which therefore would be analogous to 

omittance of robustness considerations as all features, regardless of their level of robustness, 

would persist.  

A wide range of clusters was investigated in order to explore the trend in classification 

performance as restrictions on robustness varied, thereby permitting an evaluation of the 

relevancy of robustness considerations in classification performance. However, in practical 

application of the proposed method, it is expected that only one number of clusters need be 

considered. In general, the optimal number of clusters may depend on study-dependent factors 

such as the specific classification task, the redundancy between features in the full feature set 

explored, and the number of patients evaluated in the study.  

Feature robustness across mammography vendors was evaluated using statistical metrics 

including (a) mean of feature ratio (MFR), (b) correlation coefficient, and (c) Kolmogorov-

Smirnov test statistic as introduced in Chapter 2.[109,125] These robustness metrics were selected to 

describe equivalence, correlation and similarity of the sample distributions.  
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A composite indicator (CI) was developed to merge information from three robustness 

metrics investigated in Chapter 2 so as to include multiple aspects of robustness in evaluating 

features. The CI was calculated by taking the sum of metric values normalized by z-score. Metric 

z-scores were weighted by +1 when a high value indicates robustness, and by -1 when a low 

value indicates robustness. Therefore, the CI for feature f is defined by Equation 3.1, where zcorr,f is 

the z-value of the correlation coefficient for feature f, zMFR,f is the z-value of the mean of feature 

ratios for feature f, and zKS,f is the z-value of the Kolmogorov-Smirnov test statistic for feature f. A 

higher CI value indicates relatively high robustness, and a low CI value indicates relatively low 

robustness compared with the other features considered. 

 

𝐶𝐼½ = 𝑧¿ÀSS,½ − 𝑧8=Á,½ − 𝑧ÂK,½ (3.1) 

 

Note that high correlation values indicate high robustness, and low MFR and SDFR 

values indicate high robustness thus explaining the coefficient of ±1 in Equation 3.1. Relative 

robustness ranking of the investigated texture features was performed by ordering features based 

on their CI value in descending order, where more positive values of CIf suggest strong 

robustness, and more negative values of CIf suggest weak robustness. The feature with the 

highest CIf in each cluster were identified and considered in the classification evaluation stage. 

 

3.2.4. Feature Selection and Classification 

The classification stage involved using robust, non-redundant features to predict a woman’s risk 

of breast cancer based on the presence of risk factors. The workflow for the model is illustrated 

by Figure 3.1.  
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The robust, non-redundant features identified at stage one were fed into stepwise feature 

selection separately for each vendor. The stepwise feature selection method employed in this 

study applies a stepwise regression by iteratively adding and removing features from a 

multilinear model.[126] Features are added or removed from the model based on the statistical 

significance of the change in performance, with the p-value of the F-statistic used as the figure of 

merit. Feature selection was performed in a leave-one-out manner, and the top features were 

identified as those features selected the greatest number of times. The top 18 features were used 

in analysis, based on the findings of Hua et al.[124] Therefore, in each classification performed in 

this study, regardless of the number of clusters used in the robustness assessment step, exactly 18 

features were ultimately selected. Note that as the number of clusters is altered, this will alter 

which 18 features are ultimately selected for use in the classifier, as the robustness constriction is 

tuned by the number of clusters.  

It is standard in typical radiomics studies to perform feature selection, such as stepwise 

feature selection, on the full set of candidate features with no consideration for feature 

robustness. In our study, this approach is equivalent to having the number of clusters equal to the 

number of candidate features, thus causing all features to pass the first stage of robustness 

assessment. Specifically, for intra-vendor analyses in which the number of clusters is equal to the 

number of candidate features, no information from the second vendor system was used in feature 

selection. Therefore, in this study, intra-vendor classification with 256 clusters used shows the 

performance of an approach in which differences in FFDM systems is disregarded from analysis. 

Likewise, the inter-vendor classification with 256 clusters used shows the performance when no 

robustness criteria are used in limiting candidate features.  



 58 

Following feature selection, selected features are used in leave-one-out quadratic 

discriminant analysis (QDA) to build a model for classification. QDA is similar to linear 

discriminant analysis but has a quadradic decision surface as opposed to a linear surface. 

Specifically, QDA does not hold the assumption that the co-variance matrix is common to all 

classes. Thus, it estimates co-variance matrices separately for each class. Models were built 

separately for GE and Hologic images. To evaluate the classification performance in the task of 

risk classification, the full classification evaluation analysis was performed in a leave-one-out 

manner (single fully nested loop). Receiver operating characteristic (ROC) analysis was used to 

calculate the area under the curve (AUC). The AUC was used as the figure of merit in this 

analysis in the task of classifying risk of breast cancer. 

As illustrated by Figure 3.1, stepwise feature selection was performed on images from a 

single vendor. However, QDA was used to construct texture signatures merging the selected 

features on each of the two vendor image sets. Performance was evaluated in the task of 

classifying risk of breast cancer, and agreement in performance was used to characterize 

generalizability of the model across vendors. We will refer to the vendor from which the images 

were used to select features as machine one (M1) and the other vendor used to assess 

generalizability as machine two (M2). Robustness Assessment Classification Evaluation (RACE) 

was repeated with each GE and Hologic as M1. The entire feature selection process (clustering, 

robustness ranking, stepwise feature selection) was performed once based on clustering features 

from the GE unit and once using features from the Hologic unit. The full classification analysis 

(QDA, leave-one-out classification) was performed on the GE unit and the Hologic unit for each 

set of features identified using clustering from both the GE- and Hologic-identified features. 

When clusters were based on images from GE, then the GE unit was considered M1 in the 
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analysis scheme. Likewise, when clusters were based on images from Hologic, then the Hologic 

unit was considered M1 in the analysis scheme. Additionally, the classification evaluation stage 

was performed as a single loop for separated training and testing to avoid overestimation of the 

resulting classification performance. 

 

3.2.5. Comparison to Harmonization Methods 

While the approach to handling heterogeneous feature data in this chapter focuses on limiting 

feature selection to robust features through a two-stage analysis (RACE), other groups have 

approached the same issue by harmonizing (or standardizing) feature data across different 

imaging conditions. One such example is the ComBat harmonization method, originally 

developed to correct for the “batch effect” in the genomics field and later applied to PET 

radiomics studies.[127,128] In a study by Orlhac et al., the ComBat harmonization method was applied 

to standardize radiomic features extracted from PET images of breast cancer patients acquired at 

two different institutions in order to identify triple negative (TN) lesions.[127] 

As first suggested by Johnson et al. and implemented for PET radiomics by Orlhac et al., 

the ComBat harmonization method functions by estimating the additive scanner effect, g, and the 

multiplicative scanner effect, d, using Empirical Bayes estimates.[127,128] Thus, the normalized value 

of features, y, are described by Equation 3.2, where yij is the standardized feature for ROI j and 

scanner i, a is the average value for feature y, g is the additive effect of scanner i, d is the 

multiplicative scanner effect, and e is the error term.	

 

𝑦,.;ÀÃt9N = 	
𝑦,. − 𝛼Å − 𝛾,∗

𝛿,∗
+ 𝛼Å 

(3.2) 
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In the evaluation of the ComBat method on our data, we normalized each of the 256 

examined features according to Equation 3.2, and then performed stepwise feature selection and 

QDA for leave-one-out ROC analysis, mimicking the classification evaluation analysis of RACE 

(Figure 3.1 right). For evaluation of ComBat harmonization, the robustness assessment stage 

(Figure 3.1 left) was omitted, as feature harmonization is expected to improve feature robustness 

across imaging conditions. To match the analysis conditions from RACE, a total of 18 features 

were included in the final radiomic signature construction. Furthermore, to investigate the impact 

of ComBat harmonization on feature robustness, robustness metrics were computed after 

ComBat harmonization, and we compared robustness metric values before and after ComBat 

harmonization using a two-tailed t-test. 

To explore the potential interplay between the ComBat and RACE methods, we also 

initially applied ComBat on features for harmonization, and then used these harmonized feature 

values in the RACE feature selection method. To match each of the individual methods, 46 

clusters were used in the RACE method, and 18 features were ultimately selected for the final 

radiomic signature construction. These comparisons are summarized in Figure 3.3 
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Figure 3.3. Diagram showing the different series of algorithms explored in comparing ComBat 
harmonization to the proposed RACE method. A) Radiomic features are extracted, and then the 
RACE algorithm is used. B) Radiomic features are extracted, and then only ComBat 
harmonization is used, along with feature selection. C) Radiomic features are first pre-processed 
using ComBat harmonization, and then the harmonized feature values are used in the RACE 
algorithm. The task for each workflow was to predict the risk of breast cancer among patients 
with no mammographically detectable lesion present at the time of screening. 

 

3.2.6. Statistical Evaluation 

In order to evaluate whether robustness considerations improved classification performance, data 

series over varying number of clusters were evaluated for the presence of a monotonic trend 

using the Mann-Kendall test for monotonic trend.[129] The Mann-Kendall test evaluates the 

presence of a statistically significant trend between the number of clusters used in analysis.  

The direction of the trend (increasing or decreasing) was then computed by the Thiel Sen 

estimator.[130] The sign of the Thiel-Sen estimator indicates whether the classification performance 

tended to increase or decrease as the number of clusters increases. 

In comparing the RACE method to ComBat harmonization, the AUC values for both 

inter- and intra- vendor performance were calculated when features were selected on GE and on 

Hologic images in the task of predicting risk. The statistical significance of the difference 

between AUCs from ComBat harmonization and from the RACE was calculated using ROCKIT 
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software.[131] By applying the Holm-Bonferroni correction for multiple comparisons, p £ 0.017 

was required to demonstrate statistical significance. 

 

3.3. Results 

3.3.1. RACE Performance 

Features found to be the most robust relative to the other features examined in this study are 
summarized in  

Restricting candidate features to just the most robust features was also shown to have a 
significant impact on inter-vendor classification performance in the task of risk assessment. The 
classification performance was observed to monotonically decrease as the number of clusters 
increased (Mann-Kendall p < 0.001) as shown in Figure 3.4. An increase in the number of 
clusters corresponds to a reduction in the stringency of robustness criteria. 
 
 
 
Table 3.3. Feature families that tended to have a large proportion of robust features included box 

counting fractal dimension, power-law beta, and GLCM features. Percentage density also was 

robust over vendors, relative to the other features examined here.  

Restricting candidate features to just the most robust features was shown to have a 

significant impact on classification performance of the intra-vendor evaluation as demonstrated 

by a monotonic increase in AUC with increasing number of clusters in the task of classifying risk 

(Mann-Kendall p = 0.0168 and p < 0.001 for GE and Hologic, respectively). However, the Thiel-

Sen estimator of the rate of increase was still very small (0.0000586 and 0.000120 for GE and 

Hologic, respectively).  

Restricting candidate features to just the most robust features was also shown to have a 

significant impact on inter-vendor classification performance in the task of risk assessment. The 

classification performance was observed to monotonically decrease as the number of clusters 
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increased (Mann-Kendall p < 0.001) as shown in Figure 3.4. An increase in the number of 

clusters corresponds to a reduction in the stringency of robustness criteria. 

 
 
 
Table 3.3. List of the most robust features over the two vendors examined in this study. The 
composite indicator is a measure of robustness, where larger values indicate a more robust 
feature relative to the others examined in this study. The composite indicator is computed 
according to Equation 3.1. Features that were observed to be robust in Chapter 2 are noted by *. 

Feature Name Feature Family Composite Indicator (CI) 
Sum Entropy GLCM 5.81 

Percentage Density Density 5.52 
Dim 5* Box counting Fractal 

Dimension 
5.33 

Sum Variance GLCM 5.26 
Beta 3* Power-law 5.23 
Safmp Fourier Features 5.18 
Beta 1* Power-law 5.18 

Variance GLCM 5.14 
Dim 4* Box counting Fractal 

Dimension 
5.11 

Beta 7* Power-law 5.09 
IMC 2* GLCM 5.06 

Maximum 
Correlation 
Coefficient* 

GLCM 5.01 

Dim 1* Box counting Fractal 
Dimension 

4.99 

Correlation* GLCM 4.96 
Sarms Fourier Features 4.91 

Beta 5* Power-law 4.81 
Rrms Fourier Features 4.80 
Rfmp Fourier Features 4.72 

Global Minkowski 
Dimension* 

Minkowski Fractal 
Dimension 

4.71 

Dim* Box counting Fractal 
Dimension 

4.66 
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(a) 

 

(b) 

 

(c)  

 

(d)

 

Figure 3.4. Resulting performance of classifiers trained on varying quantities of clusters and 
therefore varying degrees of stringency on the robustness of input features. Parts (a) and (b) 
show performance of intra- and inter-vendor feature selection and classifier construction as the 
number of clusters, and therefore stringency on robustness, is varied. Parts (c) and (d) show the 
difference between intra- and inter- vendor classifier performance to demonstrate 
generalizability. The task of each classification was predicting the risk of breast cancer. Parts (a) 
and (c) show results for when GE is designated M1 and Hologic is designated M2. Parts (b) and 
(d) show results for when Hologic is designated M1 and GE is designated M2. 

 

As the number of clusters increases, more features were considered as candidate features. 

As more features were considered as candidate features, generalizability across vendors tended 
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to diminish. This is demonstrated by presence of a monotonic trend in the difference between 

intra- and inter- vendor classification performance as the number of clusters increased as shown 

in Figure 3.5 and (Mann-Kendall p < 0.001, Thiel Sen Estimator = -0.000321 and -0.000191 for 

GE and Hologic, respectively).  

While these trends are interesting in a research setting, a fixed number of clusters would 

be more useful for practical application of RACE in subsequent radiomics studies. In this study, 

46 clusters yielded peak inter-vendor classification performance when RACE is repeated with 

either GE or Hologic as M1. This is illustrated by a peak in the inter-vendor curves of Figure 3.4 

parts (a) and (b). Therefore, while the full range of numbers of clusters can help describe trends 

in performance, this study will also include discussion of the particular application of RACE 

using 46 clusters. 

 

 

Figure 3.5. Results of the Mann-Kendall test for the presence of monotonic trends and the Thiel-
Sen Estimator of such trends for the performance as a function of the number of clusters. 
Statistically significant values are denoted by boldface font. Colored results (blue, red) 
correspond to intra-vendor comparisons using GE and Hologic images, respectively. Gray results 
correspond to inter-vendor comparisons. 

Training Data (M1)

GE Hologic

Mann-Kendall P-Value Thiel-Sen Estimator Mann-Kendall P-Value Thiel-Sen Estimator

Te
st
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g 
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ta

 (M
2) GE p = 0.0168 -0.0000586 p < 0.001 -0.0000997

Hologic p < 0.001 -0.000296 p < 0.001 0.000120

Difference p < 0.001 -0.000321 p < 0.001 -0.000191
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3.3.2. Examination of Selected Features 

Many of the same features were selected both when GE was designated as M1 and when Hologic 

was designated as M1. As illustrated by Figure 3.6, over half of the features selected on a given 

vendor’s data were also selected when RACE was repeated on the other vendor. Considering that 

256 total features were investigated, the commonalities across the two selected feature sets 

suggest that features selected are descriptive on images from both vendors. However, there are 

some instances in which features were not selected in both analyses. For example, the feature 

entropy was selected when using clusters from GE, but not Hologic. Energy was selected when 

using clusters from Hologic, but not GE. While these features are calculated by different 

formulas, each describes image homogeneity. Furthermore, these features are each highly 

correlated with one another. Therefore, while features selected may have varied, the features 

selected tended to come from the same feature families over the two vendors. 

Not all features included in  
Restricting candidate features to just the most robust features was also shown to have a significant 
impact on inter-vendor classification performance in the task of risk assessment. The classification 
performance was observed to monotonically decrease as the number of clusters increased (Mann-
Kendall p < 0.001) as shown in Figure 3.4. An increase in the number of clusters corresponds to a 
reduction in the stringency of robustness criteria. 
 
 
 

Table 3.3 were necessarily selected for inclusion in the classifier. Reasons for this may include 

redundancy or lack of discriminatory ability of the feature of interest. Namely, robustness is not a 

sufficient condition for inclusion in the final set of selected features. Features that are robust and not 

redundant with other feature candidates are passed from the robustness assessment to classification 

evaluation step of RACE, but in order to be included in the final set of features, the features must also 
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have discriminatory power in the clinical task in order to be selected by the stepwise feature selection 

method.  

 

 

 

Figure 3.6. Summary of features selected for the classifier when RACE is performed either with 
GE designated as M1 or Hologic designated as M1. Colored boxes indicate that a certain feature 
was selected when data from the particular vendor images was used. The results presented in this 
figure are specifically from selection after grouping features into 46 clusters, as it provides the 
best inter-vendor performance for each manufacturer. Selected features were recorded from each 
leave-one-out iteration during stepwise feature selection, and the 18 features most frequently 
selected for each manufacturer is recorded here. Different colors are used to indicate different 
feature categories. 

 

For instance, it can be observed from  
Restricting candidate features to just the most robust features was also shown to have a significant 
impact on inter-vendor classification performance in the task of risk assessment. The classification 
performance was observed to monotonically decrease as the number of clusters increased (Mann-
Kendall p < 0.001) as shown in Figure 3.4. An increase in the number of clusters corresponds to a 
reduction in the stringency of robustness criteria. 
 
 
 

Table 3.3 and Figure 3.6 that while the 20 most robust features did not include any edge 

gradient, first-order or histogram features, some features from each of these categories were ultimately 

chosen for inclusion in the final classifier. This may happen because while the RACE method gives 

preference to the most robust redundant features, it does not remove features such as those with 
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moderate robustness from the set of candidates. If a feature with moderate robustness were clustered 

with features that had lower robustness, that moderate feature would be considered in stepwise feature 

selection, and thus may be ultimately included in the final model. This can be illustrated by the selection 

of the radiomic feature of minima, which is a histogram feature with a CI of -0.70, suggesting that it is 

below average in terms of its robustness. Minima was clustered with features including average, 

maximum CDF, minimum CDF, seventy percent CDF, and thirty percent CDF. Each of these features 

had a CI between -1.05 and -1.60, suggesting lower robustness than minima. Thus, minima would be the 

most robust feature of its cluster and would be considered in the next stage of classification evaluation. 

Conversely, highly robust features are not guaranteed to be selected in stepwise feature 

selection for inclusion in a final feature set. For example, the box counting fractal dimension 

feature Dim1 was highly robust with a CI of 4.99. As the most robust feature in its cluster, it was 

considered in feature selection. However, during stepwise feature selection, Dim1 was not 

selected for inclusion in the final model, perhaps suggesting that it is not descriptive in the 

clinical task of risk assessment. 

 

3.3.3. Comparison to Harmonization Methods 

Classification performance of the RACE method was compared with the ComBat harmonization 

method used in previous studies.[127,128] The results, summarized in Figure 3.7, suggest that while 

the two methods perform similarly on intra-vendor comparisons, the performance of RACE was 

significantly different from ComBat harmonization method on inter-vendor comparisons when 

training on GE images and testing on Hologic images in the task of risk classification. However, 

given the overall low performance of each classification, these remarks are intended as 

preliminary observations as opposed to finite conclusions.  
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Figure 3.7. Performance in the task of classifying presence of risk factors of breast cancer of 
three analysis methods: (1) RACE, (2) ComBat, and (3) ComBat followed by RACE. In each 
method, 18 features were included in the ultimate radiomic signature construction, and leave-
one-out cross-validation was performed. While intra-vendor comparisons failed to demonstrate 
significant differences between the three methods, inter-vendor comparisons did demonstrate 
significant differences, with the two-stage method performing better as judged by the AUC in the 
task of risk classification. M1 refers to the vendor on whose image features were selected and 
M2 refers to the vendor used to assess generalizability. By the Holm-Bonferroni correction for 
multiple comparisons, p £ 0.017 is required to demonstrate statistical significance. 

 

When ComBat harmonization is applied and followed by RACE, the results failed to 

demonstrate significant differences in performance from either ComBat alone or RACE alone in 

the task of risk classification. This trend held for each of the four combinations of training and 

testing data investigated in this study 

In comparing the robustness metrics between raw feature values and harmonized feature 

values, it was observed that the MFR, which characterizes the agreement in feature magnitude, 

was significantly changed (p < 0.001), while the correlation coefficient of the feature values 

between vendors was not significantly different before and after harmonization (p = 1.000) as 
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shown in Figure 3.8. This result suggests that ComBat harmonization acts to improve agreement 

in feature magnitude across vendors but does not impact the correlation of features across the 

two systems. 

 

Figure 3.8. Summary of trends in robustness metrics computed on features before and after 
ComBat harmonization. MFR near zero indicates high robustness, and correlation near 1 
indicates high robustness. 

 

3.4. Discussion 

This study found that many features describing spatial characteristics tended to be robust. For 

example, box counting fractal dimension features were observed to be highly robust over 

vendors. Fractal dimension characterizes the roughness and self-similarity of images.[87] In the 

case of breast parenchyma, this suggests that fractal dimension may describe the complexity of 
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dense tissue pattern as it appears in the mammogram. Power-law features were also observed to 

be robust over the two vendors in this study. Previous studies have suggested that power-law 

features are related to the background parenchymal pattern of breast structure.[60,132,133] The power-

law exponent, b, indirectly characterizes the frequency content of the texture pattern and can be 

mathematically transformed to fractal dimension.[88,134] Therefore, it would be expected that power-

law features would demonstrate similar trends to fractal dimension in terms of robustness. 

Derivative statistics from the GLCM matrix also demonstrated high robustness over 

mammographic units. GLCM features describe spatial relationships between pixels. By 

calculating how frequently pairs of pixels with specific values in specific spatial relationships 

occur throughout the region of interest, descriptors such as energy, entropy and correlation were 

computed.[70] Studies that have investigated the robustness of GLCM features over varying region 

segmentations and bin sizes for discretization also found that GLCM features demonstrate high 

robustness.[135] 

It is likely that the technical characteristics of the Hologic and GE unit used to acquire 

images influence the feature values extracted and thus also influence the robustness of such 

features. A more focused examination of specific technical parameters that differ between the 

two units used in this study can be found in a study by Mendel et al.[109] Briefly, in Chapter 2, it 

was shown that the two units differ in pixel size, anode material, detector size, detector material, 

and conversion method as shown in Table 2.2.[109] 

The monotonic trends observed in this study suggest that considerations of feature robustness 

in feature selection tends to improve generalizability of models across vendors. While a trend 

was observed, the nature of this trend was not explored beyond the monotonic direction 

(increasing or decreasing). In standard practice, robustness and repeatability of radiomic features 
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across imaging machines is typically not evaluated or included in the feature selection process. 

The results of this study suggest that conventional methodology may not be reproducible on data 

acquired on a different machine. This may also pose problems in studies that perform 

classification using data from multiple acquisition systems, if consideration is not given to 

feature robustness. However, the overall low performance of both methods render this as an 

initial observation in need of further verification on different tasks. The overall low performance 

may be attributed to the difficulty of this specific classification task. Use of mammograms of 

asymptomatic women to predict whether she has a high or low risk of breast cancer has not seen 

high performance in previous studies addressing this task.[60,65,101] 

While this study observed significantly different inter-vendor results between RACE and 

ComBat harmonization, this could be due in part to the intended use of the two algorithms. 

While this study developed the two-stage method with the goal of developing a texture signature 

that is robust in inter-vendor comparisons, the study by Orlhac et al. only performed 

classifications using single features, as opposed to feature signatures.[127] Specifically, the 

calculation of a radiomic signature may accommodate for normalization differences over the two 

vendors, thus reducing the utility of a harmonization step prior to signature calculation. 

Therefore, this study suggests that RACE is useful in producing inter-vendor radiomic 

signatures, while ComBat may be useful when performing classifications with a single feature.  

When applying ComBat harmonization followed by RACE, we failed to show a significant 

difference between the performance compared to using RACE alone in the task of risk 

classification. The failure to observe a significant difference suggests that after performing 

feature harmonization, further application of robustness assessment does not significantly impact 

the classification performance in the task of classifying risk. Likewise, this suggests that adding 
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the standardization step of feature harmonization does not significantly change the performance 

of robustness assessment for classification. A possible explanation for this could be that by 

following ComBat harmonization with RACE, feature reduction is being performed on the 

candidate feature set prior to stepwise feature selection. Thus, it is possible that the stepwise 

feature selection algorithm employed in this study is better suited to applications on already 

reduced feature sets. Another possible explanation could be the limited size of our dataset. Future 

studies could investigate benefit of stepwise feature selection when applied on feature sets 

containing various numbers of features.  

Importantly, the pixel size of images collected on the two systems was not consistent. As 

demonstrated separately by Mendel et al. and Mackin et al., varying the pixel size impacts the 

radiomic features calculated from images.[109,111] In harmonizing pixel size for feature calculations, 

Mendel et al. observed reduced feature robustness following pixel interpolation on FFDM to 

produce consistent pixel size, compared to no pre-processing.[109] Likewise, Mackin et al. observed 

increased feature variability following voxel resampling on computed tomography images to 

produce consistent pixel size, compared to no pre-processing.[111] Previous studies have used 

methods such as image resizing followed by Butterworth filtering, low-pass filters, band-pass 

filters, or Gaussian filters in order to harmonize images prior to feature calculation.[111,136–139] In this 

study, we chose not to apply these steps to force consistent pixel size as the presented method 

seeks to address image heterogeneities through feature selection as opposed to image processing. 

However, we acknowledge that some post-acquisition harmonization steps may improve feature 

agreement over imaging conditions. 

The two-stage feature selection process (RACE) is not without limitations. First, 

reproducibility datasets consisting of patients imaged on separate machines are relatively 
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uncommon in medical imaging. Therefore, this initial investigation applied the methods to only 

one task on only one dataset. In general, the methods could be applied to a number of 

applications if repeatability data is available. 

Additionally, this study applied the methods to a challenging task, in which high 

performance is not necessarily expected. Several studies have used radiomic texture analysis to 

address risk of breast cancer based on screening images, however even studies with well 

separated patient populations (i.e. unilateral cancer versus low-risk) had only moderate 

performance[66]. Previous studies have also measured reductions in classification performance 

when women with different types of risk factors are analyzed together (e.g. classifying BRCA2 

versus low-risk controls compared with classifying BRCA1/2 versus low-risk controls). In this 

study, the group of patients with high risk factors present had a range of factors including 

BRCA1/2 gene mutations, family history of breast or ovarian cancer, and personal history of 

ADH, meaning that this group was likely heterogeneous in its true overall lifetime risk of breast 

cancer. Therefore, there existed greater variability within groups in this study that may have 

contributed to low performance values. This study did not test the classification of specific risk 

factors from low-risk controls because of the limited database size. Furthermore, differences 

other than presence of high-risk factors existed between the two groups. One such measured 

difference was the difference in mean age (54.3 and 49.7 years for risk factors absent and 

present, respectively). Parenchymal texture has been observed to change over a woman’s 

lifetime, and therefore this confounding factor could impact the results of this study. 

Another consideration for further optimization of the methods in this study includes closer 

examination of the optimization of ROI size and location. In this study, regions with size 

512x512 pixels were placed in the central region directly behind the nipple as this location was 
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shown to perform well in previous risk assessment studies.[61] However, because of differences in 

database and analysis, these parameters are not necessarily optimal in the present study. Thus, 

while it has not been proven that ROI size and location used in this study are optimal, their utility 

in previous studies makes them logical choices. This study used radiomic features of the breast 

parenchyma to predict risk. Dense component, if present in the breast, is typically located in the 

central region immediately behind the nipple. Thus, the location used is a practical choice as it 

was where the tissue of interest is typically located. Furthermore, the study by Li et al. found that 

classification performance did not significantly decline as the ROI size changed. Instead, the 

study reported that there was no statistically significant difference observed as the size of the 

ROI decreased.[61] Therefore, substantial differences in the outcome of this study would not be 

expected if a different ROI size were used. 

As this was a retrospective study, the imaging units on which images were collected are no 

longer considered state-of-the-art. The GE Senographe 2000D unit was first released in 2000. 

Compared with newer GE units, the GE Senographe 2000D has a smaller field of view and lower 

detective quantum efficiency (DQE) and normalized noise power spectrum (NNPS) due to 

improvements in electronic noise in latter models.[140] The Hologic Selenia is also different from 

later models, as the unit used in this study had a molybdenum-molybdenum (Mo-Mo) target-

filter. This target-filter material has been shown to result in higher average glandular dose 

compared with molybdenum-rhodium (Mo-Rh) or rhodium-rhodium (Rh-Rh) target-filter 

combinations.[141] This is because Mo-Mo target-filter combinations result in a softer x-ray beam. 

Mo-Mo has also been shown to result in lower contrast in dense breasts compared with the other 

target-filter material combinations, making it less optimal.[141] Newer Hologic systems use a 

tungsten-silver (W-Ag) target-filter combination, which results in a harder x-ray beam.[142] These 
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physical differences in image acquisition between the models used in this study and the models 

used clinically today may cause differences in image feature values and appearance, yet the 

methods would likely remain relevant for varying image parameters or system vendor. 

Additionally, the average mean glandular dose (MGD) of the two vendors’ units is different. 

As reported by Hendrick et al., the GE system had a MGD of 1.69 mGy per view and 4.02 mGy 

per exam, and the Hologic system had a MGD of 2.50 mGy per view and 5.03 mGy per exam.  

 

3.5. Conclusion 

This study proposed a two-stage method (RACE) for robust radiomic signature construction.  

RACE was demonstrated in the task of breast cancer risk assessment. The results suggest that 

feature generalizability monotonically decreases as feature reproducibility over vendors 

decreases. This trend shows that considerations of feature robustness could improve classifier 

generalizability in multifarious datasets collected on multiple mammography units. Furthermore, 

the same trend was observed when either vendor was used for feature clustering, thus supporting 

that this finding can be generalized. An investigated harmonization method (ComBat) was not 

shown to have strong classification performance when used on its own, but when ComBat 

harmonization was followed by RACE, classification results appeared similar to RACE alone. 

Thus, harmonization steps in conjunction with robustness assessment warrant future 

investigation in feature selection and classifier construction methods. In conclusion, 

implementation of the RACE method for robust classification was shown to lead to improved 

classification performance over harmonization steps alone. 
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CHAPTER 4 

Transfer Learning from Convolutional Neural Networks for 

Computer-Aided Diagnosis on DBT and FFDM Breast Images 

4.1. Introduction 

As discussed in Chapter 1, DBT has emerged as a promising modality to improve screening 

sensitivity and accuracy. DBT produces pseudo-3D images by rotating an x-ray source in a 

partial arc around the breast while acquiring projection images. A growing number of studies 

have shown that tomosynthesis significantly reduces screening recall rates and increases cancer 

detection rates.[29][30][31][32] By providing volume data as opposed to single projection images, 

DBT gives a clearer visualization of regions of interest by minimizing overlaying tissue 

compared with 2D FFDM. Therefore, DBT is expected to be particularly useful for women with 

dense breasts for whom overlaying parenchymal tissue may obscure breast lesions.[33] However, 

human observer studies inherently involve qualitative and subjective interpretations. The 

objectivity of computer vision methods may therefore provide supportive evidence concerning 

the use of DBT in breast cancer screening. 

The growing adoption of DBT in screening protocols makes the prospect of CADx on DBT 

images clinically impactful. Therefore, it is informative to compare performance on DBT to that 

on FFDM. Several groups have studied CADe of lesions using DBT images with conventional 

radiomic methods, yielding promising results.[143][144][145] These conventional methods are being 

superseded in some applications by emerging artificial intelligence approaches such as deep 

learning. 
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Deep learning is a machine learning method that is rapidly growing in usage in the image 

processing field. Deep convolutional neural networks (CNNs) have seen the most widespread 

use in object detection and image classification tasks.[146] These methods involve computing high 

dimensional, unintuitive features from large databases. This contrasts with previous CADx and 

CADe research that compute relatively small numbers of handcrafted intuitive features as CNNs 

can extract features through convolutional, pooling, and connected layers.[63][147] 

Deep learning is now being used in medical imaging classification tasks.[148–151] Compared 

with natural object sets such as ImageNet[152], annotated medical datasets are limited in size. To 

handle small databases, approaches for medical classification tasks typically involve transfer 

learning through the application of a pre-trained CNN. The pre-trained CNN is typically intended 

for multiclass object classification on a database such as ImageNet, as illustrated in Figure 

4.1.[153] Essentially, pre-trained neural networks act as feature extractors for image sets in 

different domains. Different domains typically have different population characteristics and 

different classification categories, thus necessitating a classifier such as a support vector machine 

(SVM).[150][149] Transfer learning has been applied in DBT lesion detection tasks, with 

applications for detecting both masses and calcifications.[154,155] Transfer learning has also been 

applied to lesion characterization with DBT, however comparisons with FFDM, synthesized 2D 

images, and key slice images were not performed.[156] 

In order to compare the efficacy of transfer learning-based CADx on DBT and FFDM, 

transfer parameters were used to build classification models for each image type. Evaluation of 

the performance of deep learning features on FFDM and DBT images may provide further 

support in the utilization of extending deep learning-based CADx to DBT applications. This may 

improve the precision and accuracy of characterizing breast lesions. The aim of this study was to 
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provide an objective comparison among the diagnostic performance of FFDM, the synthesized 

2D image, and the DBT key slice in the tomosynthesis cine loop through CADx in differentiating 

malignant from benign breast lesions. This type of comparison is innovative as while it is 

common to compare performance over different algorithms, comparison of performance across 

different image types is relatively unexplored.  

 

Figure 4.1. Illustration of the general deep learning approach of transfer learning through feature 
extraction. Parameters are transferred from a pre-trained neural network. Features are then 
extracted from the various network layers on input images from a separate domain, such as 
medical imaging. 

 

4.2. Materials and Methods 

4.2.1. Image Acquisition and Database Description  

A retrospective review was performed on all patients who had undergone both FFDM and DBT 

in a single visit at the University of Chicago, and the subset of exams that resulted in a 

mammographically detected lesion that was ultimately biopsied for final surgical pathology was 

identified. FFDM and DBT imaging were performed on a Hologic Selenia Dimensions unit 

(Marlborough, Massachusetts, United States). All aspects of the diagnostic workup were 

performed at the University of Chicago Medicine, and images were retrospectively collected 
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under HIPAA-approved and IRB-approved protocols. A total of 76 patients with 78 lesions were 

included in this study, with exams ranging in date from August 2015 to June 2017. The average 

age of included patients was 54.7 years (standard deviation = 10.1 years). Of the 78 lesions, 30 

lesions were biopsy proven to be malignant and 48 lesions were biopsy proven to be either high 

risk or benign. A summary of patient and lesion characteristics is included in Table 4.1. Each 

lesion was identified in the CC and MLO view on the 1) FFDM image, 2) synthesized 2D image, 

and 3) DBT key slice in the tomosynthesis cine loop. A fellowship-trained breast imager 

manually identified the key slice of each lesion from the tomosynthesis cine loop. For mass 

lesions, the key slice was defined as the slice nearest to the center of the lesion with the largest 

lesion diameter and/or when the lesion was best in focus. For architectural distortion lesions, the 

key slice was defined as that in which the largest number of spiculations were seen and/or in 

which the lesion was best in focus. For calcifications, the key slice was defined as that in which 

the greatest number of calcifications were in focus. We acknowledge that manual selection of a 

key slice may introduce bias in analysis, particularly if the mass lesion is not circumscribed or 

the calcifications are not along the plane of image acquisition. In future work, methods of 

evaluating the full lesion volume could reduce this source of bias and should be explored. Such 

methods may have the potential to further improve classification performance beyond that 

observed in this study. 

In terms of lesion categorization, the high-risk lesions and the benign lesions were grouped 

into the “benign” category. All high-risk lesion patients either ultimately underwent surgical 

excision or had at least two years of imaging follow-up. No patients were upgraded to 

malignancy in this high-risk lesion category. Thus, the task of interest in this study was to 

classify lesions as malignant or benign. 
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Table 4.1. Summary of patient ages, lesion types, and lesion molecular subtypes. 

 Frequency (%) 
 Malignant Benign 
Age   
£39 -- 1 (2.1) 
40-49 6 (20.0) 20 (41.7) 
50-59 7 (23.3) 18 (37.5) 
60-69 12 (40.0) 9 (18.8) 
³70 5 (16.7) -- 
Average Age (SD) 59.6 (10.3) 51.5 (8.6) 
   
Lesion Type   
Mass 10 (33.3) 23 (47.9) 
Architectural Distortion 
(ARD) 

9 (30.0) 6 (12.5) 

Calcifications 11 (36.7) 19 (39.6) 
   
Molecular Subtype   
DCIS 14  
IDC 12  
ILC 3  
Invasive Mammary 1  
Papillary Carcinoma 1  
Atypical Ductal Hyperplasia 
(ADH) 

 7 

Complex Sclerosing Lesion  3 
Fibroadenoma (FA)  9 
Fibrocystic Change  7 
Normal Breast Parenchyma  5 
Cyst  1 
Apocrine Metaplasia  4 
Stromal Fibrosis   3 
Intraductal Papilloma  5 
Sclerosing Adenosis  3 
Usual Ductal Hyperplasia 
(UDH) 

 1 

Total 30 48 
 

ROIs were extracted in a dedicated workstation. CNN-based features were extracted 

using Keras (Version 2.1.2) with a TensorFlow (Version 1.10.0) backend framework. Model 
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training and subsequent analyses were performed in MATLAB (Version R2015b).  

 

4.2.2. Deep Feature Extraction 

A fellowship-trained breast radiologist identified each lesion on all three image types:  FFDM, 

DBT synthesized image, and DBT key slice. A square region of interest (ROI) measuring 512 x 

512 pixels was manually placed to fully cover the lesion on both the CC and MLO views for 

each image type. ROIs were then bicubically interpolated to a size of 224 x 224 pixels to 

conform to the size of training images used in the initial training of VGG19. Examples of 

malignant and benign ROIs from each image type are shown in Figure 4.2. 

 

 

Figure 4.2. Examples of malignant and benign ROIs selected to use for classification of two 
masses and two calcifications. ROIs for the four example lesions are shown in each of the image 
types explored. Malignant lesions are outlined in red, and benign lesions are outlined in green. 

 

The VGG19 deep CNN, which consists of 19 weight layers, was used to extract features in 

this study.[157] VGG19 was pre-trained on over one million images from the ImageNet dataset 

that consists of natural objects used for multiclass object classification.[152][147] Learned weights 
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obtained during pre-training were applied to the network in this study, and features were 

extracted from various layers of the network. While the natural images on which VGG-19 was 

trained involved RGB channels, the medical images used in this study were gray scale. Thus, the 

gray scale images were replicated in each of the RGB channels. Extracted features were used in 

the research task of classifying breast lesions as malignant or benign. Note that due to the small 

database size, the network was not trained or fine-tuned in order to avoid overfitting. Instead, 

images were fed through the existing pre-trained architecture, and quantitative features were 

extracted from various layers in the network.[158]  

Features were extracted from each max pooling layer of the VGG19 convolutional network 

for each of these modalities, and features from each maxpool layer were fed through a meanpool 

layer to reduce the number of features. Following initial feature extraction, feature dimension 

reduction was further conducted by eliminating features with zero variance over all lesions 

considered in this study.  

 

4.2.3. Feature Selection and Classification 

Following feature extraction and reduction, leave-one-out stepwise feature selection was 

performed to identify a non-redundant set of informative features.[126] To identify such a feature 

set, stepwise feature selection was performed in a leave-one-out manner over the training data, 

with one training case left out of each round. At each round, stepwise feature selection was 

performed by iteratively adding and removing features from the classification feature set, using 

the p-value of the F-statistic as a metric to measure significance in improvement of the model. 

The null hypothesis was that a candidate feature would have a zero coefficient in the multilinear 

model, and if there existed sufficient evidence to reject the null hypothesis, then the candidate 
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feature was added to the model. Conversely, if there existed insufficient evidence to reject the 

null hypothesis, then the candidate feature was removed from the model. This iterative algorithm 

continued until no single step improved the model. Stepwise feature selection is described in 

greater detail elsewhere.[126]  

After repeating the stepwise feature selection algorithm for each left out training case, the 

cumulative frequency of the selection of individual features was considered. The most frequently 

selected features over the leave-one-out iterations were selected for use in the classification 

model. The motivation behind this iterative method of feature selection was to keep the number 

of features included in models constant when comparing across image types. Stepwise feature 

selection on its own produces variable quantities of selected features, which might introduce bias 

into the evaluation of the performance of classifiers, as it has been shown that classification 

performance varies with the number of included features.[159] By using the frequency of selection 

to identify a fixed number of features, this potential source of bias was removed. 

For combined analysis of masses and calcifications, the four most frequently selected 

features were used in the final classifier. For analysis of either mass/architectural distortions or 

calcifications, the two most frequently-selected features were maintained. The numbers of 

features used in this study were selected to be near the optimal number of features for 

classification with SVM for the dataset size based on recommendations by Hua et al.[124] The 

reduced feature set was used to train an SVM classifier with a linear kernel[160]. SVM was 

selected for use in this study due to its ability to handle sparse data, which is characteristic of 

CNN data. While SVM also has the ability to handle high-dimensional data, the use of feature 

selection prior to training the SVM rendered this typically advantageous characteristic 

unnecessary in this study. Outputs from the SVM were used to perform ROC analysis and to 
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determine the AUC in the task of classifying lesions as malignant or benign, which was used as a 

figure of merit in this study[161]. The standard error of the AUC was calculated to estimate the 

range of values for the population. Note that analysis was performed in a leave-one-out manner 

as opposed to independent training and testing sets due to the small size of available data. The 

resulting classification performances reported in this study are therefore viewed as an 

overestimation of performance, as separate training and testing may yield lower performance. 

However, since the aim of this study was to compare performance, this likely has a minimal 

impact on the study’s conclusions. 
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Figure 4.3. Structure of the VGG19 convolutional neural network and illustration of the layers 
from which features were extracted and input to the SVM classifier to yield an output 
classification decision in this study. Features were extracted from each maxpool layer, and an 
average-pool layer was applied to reduce feature dimensionality. Feature reduction was 
performed, and remaining features were input to an SVM classifier in a leave-one-out manner. 

 

An extension of this analysis was needed to further understand the value of complementary 

information provided by the two standard screening views of each breast to the task of 

classifying lesions as malignant or benign. To this end, we investigated the performance of a 

merged-view classifier by combining signatures from the CC and MLO views of each lesion. 
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The merged-view classifier was constructed through soft voting of the SVM output of classifiers 

trained separately on the CC and MLO view images.[162] This analysis was repeated separately 

for each of the three imaging modalities. 

The visual characteristics of masses and calcifications vary, and therefore this analysis 

sought to explore whether corresponding characteristics of malignancy vary as well.[163] Thus, 

the imaging data were additionally examined in subsets based on lesion type (mass/architectural 

distortion or calcifications). Training and classification were repeated following the same 

methodology as when performed on the full dataset in the task of classifying lesions as malignant 

or benign. 

 

4.2.4. Statistical Evaluation 

Statistical significance of the difference of each task’s AUC from random guessing was 

calculated for each classifier using a statistical z-test.[164][165] The statistical significance of the 

difference between classifiers was evaluated using the p-value of a univariate z-score statistical 

test calculated using ROCKIT software.[161] Corrections for multiple comparisons were performed 

following the Holm-Bonferroni method.[166] 
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4.3. Results 

Table 4.2. Summary of AUC values observed for classifying lesions as malignant or benign. 

Images analyzed All (n=78) Masses/ARD 
(n=48) 

Calcifications 
(n=30) 

FFDM 
CC and MLO 0.81±0.05 0.88±0.05 0.88±0.06 

CC View 0.76±0.05 0.90±0.07 0.83±0.08 
MLO View 0.76±0.06 0.82±0.06 0.82±0.08 

Synthesized 
2D Image 

CC and MLO 0.86±0.04 0.91±0.04 0.94±0.04 
CC View 0.81±0.05 0.75±0.08 0.88±0.10 

MLO View 0.88±0.04 0.87±0.06 0.90±0.06 

DBT 
CC and MLO 0.89±0.04 0.98±0.01 0.97±0.03 

CC View 0.74±0.05 0.79±0.08 0.82±0.08 
MLO View 0.83±0.05 0.80±0.07 0.84±0.07 

 

4.3.1. Single-View Lesion Characterization 

The AUC was determined for the classification of malignant and benign lesions for each breast 

imaging modality (FFDM and DBT) and for each view (CC and MLO) in the task of classifying 

lesions as malignant or benign. The resulting AUC and standard error values are presented in 

Table 4.2. For the MLO view, the performance of synthesized 2D images was higher than the 

performance of FFDM or DBT key slice for both calcifications and mass/ARD lesions in the task 

of classifying lesions as malignant or benign. For the CC view, the performance of synthesized 

2D images was highest for calcification lesions, and performance of FFDM was highest for 

mass/ARD lesions. 

 

4.3.2. Merged-View Lesion Characterization 

Lesions may be best characterized in one of the two standard views used in screening 

mammography (CC and MLO). Therefore, incorporation of information from both views may 

provide complementary information motivating this study’s use of a merged classifier.  
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The merged classifier for DBT key slice images consistently outperformed DBT key-slice 

single-view classifiers in each lesion subset in the task of classifying lesions as malignant or 

benign, suggesting that the two views of DBT images provide complementary information. For 

FFDM and synthesized 2D images, the merged classifier did not consistently perform better than 

single-view classifiers. Thus, the merged classifier was not decidedly preferred on this dataset 

for these image types in classifying lesions as malignant or benign. Examples of lesions that 

were correctly and incorrectly classified by the various classifiers are shown in Figure 4.4. 

 

 

Figure 4.4. ROIs of lesions that were correctly or incorrectly classified by classifiers trained for 
each image type in the task of classifying lesions as malignant or benign. The most extreme 
lesion (i.e., highest or lowest probability of malignancy) was used to select the representative 
lesion shown here for illustrative purposes. Malignant lesions are outlined in red, and benign 
lesions are outlined in green. 

 

Performance of the merged classifier in the task of classifying lesions as malignant or benign 

is reported in Table 4.2 and illustrated in Figure 4.5 and Figure 4.6. Performance of each the 

synthesized 2D images and DBT key slices was compared with that of FFDM in the task of 

lesion characterization, using the merged-view classifiers. After correcting for multiple 
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comparisons through the Holm-Bonferroni method, the performance of DBT key slice was 

significantly superior to the performance of FFDM in the task of lesion characterization.  

 

Figure 4.5. Classification performance of the merged-view classifier on each subset of lesions 
considered in this study in the task of classifying lesions as benign or malignant. AUC is plotted 
with error bars showing one standard error. This figure summarizes the performance of the 
merged-view classifier as reported in Table 4.2. 
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Figure 4.6. Significance of difference between AUC values using merged CC and MLO data for 
classification in the task of predicting malignancy. After corrections for multiple comparisons, a 
p-value of 0.025 is significant at the a=0.05 significance level.[166] 
 

4.4. Discussion 

This study involved an exploration of the potential of using pre-trained CNNs via feature 

extraction in the task of classifying malignant from benign breast lesions on (a) FFDM, (b) 

synthesized 2D images, and (c) DBT key slice images. To our knowledge, comparisons of CNN 

transfer learning performance across mammographic imaging modalities for lesion diagnosis has 

not yet been conducted. With the growing presence of DBT in breast cancer screening, it is 

increasingly important to understand  how best to tailor CAD methodologies to best 

accommodate this new modality. 

FFDM Synthesized 2D 
Image

DBT

All (n=78) 0.81±0.05 0.87±0.04 0.89±0.04 

p=0.77

p=0.04

Mass/ARD (n=48) 0.88±0.05 0.91±0.041 0.95±0.01 

p=0.26

p=0.023
Calcifications (n=30) 0.88±0.06 0.94±0.04 0.97±0.03

p=0.13

p=0.07
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In this study, the application of CNNs to classifying lesions on FFDM and DBT images as 

either malignant or benign was explored. Transfer learning methodology was applied, using a 

pre-trained CNN to extract features from FFDM and DBT ROIs. The extracted features were 

input to a support vector machine classifier, and the diagnostic performance of resulting class 

probabilities was determined in terms of AUC in the task of lesion characterization.  

When mass and ARD lesions are considered, DBT performed significantly better than FFDM 

in the task of classifying lesions as malignant or benign. This is in agreement with observer 

studies and conventional radiomics studies that also found that DBT had similar or better 

performance than FFDM in the task of lesion characterization.[31][167][168][30][169] Yet, it would be 

informative for a human expert to perform classifications on the data used in this study to 

perform comparisons with the reported results. 

The increased lesion conspicuity in DBT is particularly beneficial when imaging dense breast 

tissue because it can be difficult to perceive suspicious lesions in extremely dense breast tissue. 

The border of masses, number of masses, and associated findings such as dilated ducts or vessels 

around a mass have been reported to be better depicted on DBT than FFDM images, especially 

in dense breasts.[170] Because of the ability of DBT to reduce tissue superimposition, one benefit of 

DBT is a reduction in the recall rate in women with dense breasts. Haas and colleagues[32] reported 

that the addition of DBT reduced recall rates for all breast density groups and age groups, with 

significant differences in recall rates for scattered heterogeneously dense and extremely dense 

breasts. Their study findings reiterate the conclusion that DBT is beneficial for patients with 

dense breast tissue and for those with nondense breast tissue. In our dataset, the DBT key slice 

yielded the highest AUC when individually classifying masses/ARD and calcifications, 

suggesting that tomosynthesis may indeed be helpful in reducing overlapping parenchymal tissue 
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in the analysis and classification of lesions. We acknowledge that the feature dimensionality was 

large compared with the number of lesions included in this study. Therefore, the results reported 

here are treated as initial findings and warrant further confirmation on a larger dataset. 

Most findings on DBT are apparent on both the CC and MLO projections, but one-view-only 

findings can occur on DBT, and breast cancer still occasionally may be visible on only one 

projection. Previous studies involving DBT have estimated that 5–9% of breast malignancies are 

seen only on the CC projection, whereas 1–2% of breast malignancies are apparent only on the 

MLO projection.[171] Moreover, 12–15% of findings noted on both projections are more readily 

apparent on one view compared with the other.[172] In our study,  performance tended to be higher 

when the CC and MLO views were merged, as shown in Table 4.2, suggesting that each view 

provides unique and synergistic information to aid in the classification of a lesion. When 

individually assessed, DBT synthesized 2D images performed better than all other imaging 

methods in both the CC and MLO view. 

Resulting classification performances observed in this study were comparable to those 

reported by other DBT-based deep learning CADx studies. For example, while an independent 

data set was used, Samala et al. observed an AUC of 0.90 in the task of classifying mass lesions 

through an evolutionary pruning approach[156]. However, this study did not compare 

classification performance of DBT to that of FFDM or 2D synthesized images. Therefore, while 

the study by Samala et al. provides support for the feasibility of transfer learned deep CNNs for 

CADx on DBT images, the results observed in our study complement this finding by comparing 

performance over different image types. Similarly, Kim et al. implemented latent feature 

representation of breast lesions on DBT on a dataset independent from the one used in this study, 

and observed an AUC of 0.919 in characterizing breast masses, which agrees with the results of 
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this study.[173] Additionally, a study by Antropova et al.[149] demonstrated that multi-time-point 

inclusion from dynamic contrast-enhanced MRI into the three color channels of a pre-trained 

CNN. This approach could be applied to incorporate three key slices of the DBT image set.  

 

4.5. Conclusion 

While this study focused on investigating deep learning methods, the approach taken in this 

study could be extended to incorporate radiomics features. Repeating lesion characterization on 

DBT images using a standard radiomics approach may explicate whether radiomics and deep 

learning extract redundant or complementary information. Characterizing the relationship 

between these algorithms may be constructive in developing CADx systems for clinical use in 

breast imaging. While such an investigation would clearly be of value, this study omitted such a 

comparison as it focused instead on comparing value of breast image types, as opposed to 

comparing computer vision algorithm methodologies. As more images are collected at our 

institution, we plan to incorporate more sophisticated deep learning methods such as fine tuning 

and training from scratch. By continually improving CADx of breast lesions, we hope to improve 

diagnostic accuracy and patient management for breast cancer patients.  

  



 95 

CHAPTER 5 

Long Short-Term Memory Recurrent Neural Networks for Risk 

Prediction on Time Series on FFDM 

5.1. Introduction 

While agencies such as the American College of Radiology, American College of Physicians and 

American Cancer Society have different recommendations for breast screening frequency 

guidelines, they all suggest mammographic screening with some frequency over some portion of 

a woman’s lifetime.[174–176] Women who follow these guidelines thereby produce temporal 

sequences of mammographic images. When interpreting screening exams, radiologists may 

compare current mammograms with prior mammograms to qualitatively assess interval change 

of breast tissue. This is done because interval change may be related to the development of breast 

cancer.[177] 

It has been demonstrated that comparing current and prior mammograms improves the 

performance of screening. A study that compared performance on over one million images found 

that the use of comparison mammograms at screening resulted in lower recall rates (6.9% with 

comparison mammograms vs. 14.9% without comparison mammograms) and higher specificity 

(93.5% with comparison mammograms vs. 85.7% without comparison mammograms).[177] This 

suggests that in ambiguous cases where it is not obvious whether an abnormality poses a threat, 

the changes in mammograms over time provide the radiologist with discriminatory information 

that helps inform the decision of whether or not to send a patient for follow-up. For example, if a 

suspicious region is judged to be visible and unchanged in prior mammograms, then this may 

lower the risk of malignancy as judged by the radiologist. The utility of prior images in 



 96 

radiologist review suggests that prior images contain useful information, and thus it is possible 

that they may also be informative in cancer prediction system whose goal is to assist the 

radiologist in detecting and diagnosing cancer based on imaging.  

Previous studies have also explored the incorporation of prior imaging exams in clinical 

classification tasks. A study by Santeramo et al.[178] implemented a time-modulated LSTM 

network to detect abnormalities in a database of 745,480 chest x-rays. The study compared the 

performance of a CNN (Inception v3) trained on single images as a baseline to an LSTM 

network using the single images plus prior longitudinal observations. The clinical task in this 

study was to classify chest x-ray abnormalities as either cardiomegaly, consolidation, pleural 

effusion, or hiatus hernia. Using the F-measure as a figure of merit, the study observed, on 

average over the four abnormality types, that the LSTM resulted in a 7% increase in F-measure 

over the baseline CNN, and a 9% increase in PPV over the baseline CNN. Thus, while this study 

investigated temporal analysis for a different disease type and site, it provides evidence that 

temporal imaging information may inform detection of disease. 

Another study by Shao et al.[179] investigate the use of temporal radiomics to predict the 

development of white matter hypersensitizes among elderly patients with normal-appearing 

white matter. This study constructed radiomic signatures on regions of interest covering various 

tissue types among a patient cohort each of which had undergone two or more MRI exams on the 

same scanner with a time period of at least one year between scans. The study reported an AUC 

of 0.954 (95% confidence interval: 0.876-0.989) when using ROIs placed to cover normal white 

matter and developing normal appearing white matter. This study provides evidence that 

computer analysis of temporal images may assist in predicting future disease.  
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In response to the importance of interval change on detection and diagnosis of breast cancer, 

this study applies radiomics and deep learning methods to the task of classifying future lesions as 

malignant or benign. Interval change may be related to future cancer incidence and may be an 

indicator of early carcinogenesis. 

 In order to incorporate information collected over a time series of FFDMs, we chose to 

use a long short-term memory (LSTM) network in this study, as it is capable of learning long-

term dependencies for data organized as a series. As a recurrent neural network (RNN), LSTM 

networks are able to retain information about previous time points in a series and use this 

information to inform decisions on present time points of that same series. LSTM networks can 

take in feature vectors from various sources, and so this study explored the performance of an 

LSTM trained on features extracted from a CNN and the performance of an LSTM trained on 

conventional handcrafted features extracted from the same images. Utility of LSTM networks for 

use in dynamic contrast-enhanced MRI has been previously demonstrated.[180] Specifically, 

Antropova et al. demonstrated higher classification performance on lesion characterization with 

MRI using LSTM than using a fine-tuned feed-forward network with a single time point.[180] 

Additionally, the performance of LSTM is compared with the performance obtained by 

extracting features from a single time-point and merging features using SVM. In this way, a 

comparison is performed between deep features and conventional features as well as between 

time series data and single-time-point data for classification. This study compared LSTM 

network performance with a single time point with features merged using SVM as this method 

has shown strong performance on lesion characterization tasks as demonstrated in Chapter 4. 
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5.2. Materials and Methods 

5.2.1. Image Acquisition and Database Description 

Mammograms were retrospectively collected from women who underwent screening exams for 

two or more years prior to detection of a mammographic abnormality. Images were obtained at 

MD Anderson Cancer Center under a prospective study and at University of Chicago Cancer 

Center under a retrospective review. All images collected at each institution were collected in 

compliance with the Health Insurance Portability and Accountability Act and under institutional 

review board-approved protocols. 

For each patient exam, the CC images of the left and right breast were retrospectively 

collected and used in analysis. Each patient included in this study ultimately underwent core 

biopsy with histologically confirmed findings of a malignant or benign lesion. However, all 

images used in this study were acquired prior to the detection of a mammographic abnormality. 

The laterality of the mammographic abnormality was noted, and the affected and contralateral 

breasts were treated separately in the analyses. 
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Figure 5.1. Histogram of the number of time points included in the study for patients with either 
malignant or benign lesions. All images included were acquired prior to the screening exam 
which led to diagnosis. 

 

The number of mammographic exams per participant ranged from 2 to 10, and the 

distribution of the number of exams is shown in Figure 5.1. An example of a temporal series of 

images collected for a single patient is shown in Figure 5.2. Note that the period of time between 

subsequent screening exams was not always constant for each patient. The average time between 

exams was 1.19 years. 
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Figure 5.2. Temporal mammograms for one patient, collected annually over a span of four years. 
Note that the orientation of the breast changes in each image as does the presence of markers. 

 

A total of 453 images from 125 patients were collected. Of these, 55 patients were 

diagnosed as malignant and 70 were diagnosed as benign. Of these, 87 patients were screened at 

MD Anderson Cancer Center and 38 patients were screened at the University of Chicago 

Medical Center. Of those screened at MD Anderson Cancer Center, 25 were malignant. Of those 

screened at the University of Chicago Medical Center, 30 were malignant. All images were 

collected on Hologic systems with pixel size of 70 µm x 70 µm and were processed according to 

the clinical standard at the patient’s screening institution.  
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Table 5.1. Ages of patients included in this study, separated by malignant or benign lesion 
findings. 

 Malignant Benign 
Mean age (SD) 57.2 (9.9) 54.5 (9.4) 
Age (year)   
<40 2 3 
40 to 49 13 23 
50 to 59 18 26 
60 to 69 14 13 
70 to 79 7 4 
³80 1 1 
Total 55 70 

 

 

5.2.2. Region of Interest Placement 

Due to the highly deformable nature of breast tissue, the positioning of breast tissue may vary 

widely between exams, especially in the 2D projection view produced by FFDM. Therefore, 

registration of physical regions in the breast over time points is an important yet challenging first 

step in computerized analysis of changes in breast parenchyma over time in both radiomic 

texture analysis and deep learning analysis.  

Previous approaches taken to register time series of mammograms range from local to 

global. Some basic intensity-based registration methods include rigid and affine registrations, 

which involve translations and stretching of images in order to improve alignment.[181] These 

geometric transformations are applied to the full image in a global manner. Local registration 

methods include b-splines, polyrigid and Demons registration.[181] These methods act locally on 

images, modifying different regions of the image in a different manner to achieve improved 

registration. While local methods may be appropriate to handle the registration of highly 

deformable breast tissue, they can be highly time intensive. Therefore, it has been suggested that 

a multi-resolution approach, in which resolution of the images is iteratively improve until the 
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original image resolution is achieved, may converge to optimal registration performance in less 

time. In our comparison on b-splines and multi-resolution registration on a subset of this 

database, we found that multi-resolution registration resulted in a lower mean-squared error and 

shorter registration time.[182]  

However, in this study, it is necessary only to align a small ROI across breast images. 

Further, it is desirable to avoid image manipulation, including deformations as part of the image 

registration process so as to not alter image texture. Thus, while automatic registration may be 

desirable in a clinical workflow, this preliminary study used manual registration of ROI centers 

across mammogram images acquired at different time points. Region placement was performed 

in a dedicated workstation that allowed sequential images to be displayed simultaneously to 

improve manual region placement. Placement was performed in a dedicated temporal radiomics 

workstation illustrated in Figure 5.3, by a research assistant with four years of breast imaging 

research experience. 
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Figure 5.3. Dedicated temporal workstation illustrating ROI placement on images acquired of a 
single patient at two different time points. 

 

Figure 5.4. Boxplot showing Euclidean distance between registered ROI center and human 
identified ROI center. 
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An initial investigation into automatic mammogram registration over temporal sequences 

was performed. In this study, the gold standard was human alignment.[182,183] Application of 

automatic mammogram registration resulted in substantial differences between the manual ROI 

placement and registered ROI placement, as illustrated in Figure 5.2. Thus, qualitative human 

alignment based on anatomical landmarks was used for regions in this study. However, future 

efforts to explore additional mammogram registration algorithms to work towards improved 

automatic ROI placement is encouraged 

 

5.2.3. Radiomic Feature Extraction 

Following the methods described in Chapter 3, radiomic texture features were calculated on 

square ROIs of size 512 ´ 512 pixels that were manually placed in the central breast region 

posterior to the nipple. From each region, 45 features were extracted (Table 5.2). These features 

are described in more detail in Chapter 1.4. 

 

Table 5.2. Summary of features included for analysis in the radiomics feature set. 

Feature Category Number of Features 
Box counting fractal dimension 6 
Edge gradient 4 
Histogram 12 
Minkowski fractal dimension 1 
Powerlaw beta 8 
GLCM 14 
Total 45 

 

5.2.4. Deep Feature Extraction 

Deep learning-based feature extraction was performed on the same ROIs used for radiomic 

feature calculation. Similar to the work described in Chapter 4, features were extracted using the 
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pre-trained VGG-19 neural network. Features were extracted in the same way as the study 

described in Chapter 4.2.2, resulting in a total of 1,472 features for each image. 

 

5.2.5. Long Short-Term Memory Network 

5.2.5.1. Recurrent neural networks 

Recurrent neural networks (RNNs) are designed for making classifications and predictions based 

on a time series of data. RNNs are composed of a series of identical feed-forward neural 

networks. In this series of networks, each individual network is used to analyze a single time 

point and is known as an RNN cell. Each RNN cell produces a recurrent output that is passed on 

to the next time step. Likewise, each RNN cell accepts a prior state as input. In this way, 

information from prior time-points informs the output of future time-points. 

 Mathematically, an RNN cell can be represented by Equation 5.1, where st is the current 

state, st-1 is the prior state, xt is the current input, and f is the recurrent function. Thus, a basic 

single layer RNN can be written as in Equation 5.2, where f is the activation function, and W, U 

and b are the weights and biases of the network. 

É
𝑠N
𝑜N
Ê = 𝑓 É

𝑠N>s
𝑥N
Ê (5.1) 

𝑠N = 𝜙(𝑊𝑠N>s + 𝑈𝑥N + 𝑏) (5.2) 

 

 The general recurrent structure of an RNN is illustrated in Figure 5.5, where it is shown 

that information from the RNN cell for one time point in the series is passed along to the cell for 

the next input from the series. 
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Figure 5.5. General architecture of an RNN cell component, where A represents the neural 
network, xt represents some input, and ht represents the output value 
 

5.2.5.2. Information Morphing and the Vanishing and Exploding Gradient Problem 

While useful in many applications, the simplest RNNs have weaknesses in practical use. One 

such problem is that of information morphing. With each step of the RNN, the network state 

inevitably evolves. While this evolution is typically desirable, the most useful information state 

may have occurred in a previous iteration and thus would be unavailable to the current state. This 

is known as the degradation problem.[184] 

 Another problem with simple RNNs arises from their use of backpropagation. 

Backpropagation is gradient based, and thus if the gradient of a network weight becomes very 

small, then the learning rate of the network will diminish. Sufficiency of basic RNNs to 

experience a so-called vanishing gradient can be proven by applying the Mean Value Theorem. 

We therefore can establish the presence, under certain conditions, of the vanishing gradient 

problem.[185,186] In this demonstration, st is the current state, st-1 is the prior state, xt is the current 

input, f is the activation function, and W, U and b are the weights and biases of the network. 
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We first define st and zt following the general RNN cell structure such that the activation 

function takes the weighted current state as input, as well as the network biases, as input to 

compute the updated state vector. 

𝑠N�s = 𝜙(𝑧N) 

𝑧N = 𝑊𝑠N + 𝑈𝑥N�s + 𝑏 

By application of the Mean Value Theorem over several variables, there exists 𝑐 ∈ [𝑧N, 𝑧N + Δ𝑧N] 

s.t. 

Δ𝑠N�s = [𝜙Ð(𝑐)]Δ𝑧N 

Thus, it follows that, 

Δ𝑠N�s = [𝜙Ð(𝑐)]Δ(𝑊𝑠N) 

Δ𝑠N�s = [𝜙Ð(𝑐)]WΔ(𝑠N) 

Define, using the matrix 2-norm, 

 𝛾 = 𝑠𝑢𝑝
¿∈[ÒÓ,ÒÓ�ÔÒÓ]

‖𝜙Ð(𝑐)‖ 

where g is the largest value of [f’(c)] on the interval [zt,zt+Dzt]. If the activation function is bound 

for all real input, then the singular values of [f’(c)] will therefore also be bounded. 

Next, taking the vector norm of each side,  

|Δ𝑠N�s| = |[𝜙Ð(𝑐)]WΔ(𝑠N)| 

|Δ𝑠N�s| ≤ ‖𝜙Ð(𝑐)‖	‖W‖	|Δ(𝑠N)| 

|Δ𝑠N�s| ≤ 𝛾‖W‖	|Δ(𝑠N)| 

|Δ𝑠N�s| ≤ ‖𝛾W‖	|Δ(𝑠N)| 

Expanding over k time steps, 

|Δ𝑠N��| ≤ ‖𝛾W‖�	|Δ(𝑠N)| 

Thus, 
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|Δ𝑠N��|
|Δ𝑠N|

≤ ‖𝛾W‖� 

Notice that the logistic sigmoid function reaches a maximum derivative of ¼ at zero, and the 

tanh function reaches a maximum derivative of 1 at zero, thus, 

𝛾 = Ö
1
4Ø
1
					
𝑓𝑜𝑟	𝑙𝑜𝑔𝑖𝑠𝑡𝑖𝑐	𝑠𝑖𝑔𝑚𝑜𝑖𝑑

𝑓𝑜𝑟	𝑡𝑎𝑛ℎ  

It then follows that, 

given ‖W‖ ≤ 	 Ù41					
½ÀS	ÚÀ�,ÛN,¿	Û,�ÃÀ,Ü

½ÀS	N9@R  

we can conclude that over many time steps, the gradient approaches zero: 

∴ lim
�→?

Δ𝑠N��
Δ𝑠N

= 0 

Thus, we have concluded that sufficient conditions exist such that the gradient of the state 

vector may diminish over sequential steps of the network. Therefore, if the weight initializations 

for W are too small, the RNN may be unable to learn due to the vanishing gradient. 

 

5.2.5.3. LSTM Gates 

In order to avoid the potential pitfalls of information morphing and of the vanishing gradient 

problem, LSTM cells are designed to contain three gates that are not typically present in 

conventional RNNs: the input gate, output gate and forget gate. These three gates monitor the 

extent to which information is read in from an adjacent time point, how much of this information 

to write out, and to what extent the information is remembered and passed on to the next time 

point. The input gate (it), output gate (ot) and forget gate (ft) are defined as: 

𝑖N = 𝜎(𝑊,𝑠N>s + 𝑈,𝑥N + 𝑏,) (5.3) 

𝑜N = 𝜎(𝑊À𝑠N>s + 𝑈À𝑥N + 𝑏À) (5.4) 
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𝑓N = 𝜎(𝑊½𝑠N>s + 𝑈½𝑥N + 𝑏½) (5.5) 

 

where st-1 is the prior state, xt is the current input, s is the sigmoid function and W, U and b are 

the weights and biases of the network.  

 The fundamental principle of the LSTM network is that the output is incrementally 

changed from the prior state. Therefore, rather than computing the time-evolved state, the 

network computes changes in that state. The candidate time evolution of the state will be defined 

as 𝑠NÞ . This state evolution is computed for LSTM in a way similar to the standard RNN, however 

we will first perform element-wise multiplication on the prior state by the output gate, notated by 

⨀. Before updating the prior state, selective forgetting is achieved by element-wise 

multiplication of the candidate time evolution with the forget gate. Here, st is the current state, st-1 

is the prior state, xt is the current input, f is the activation function, and W, U and b are the 

weights and biases of the network.  

𝑠NÞ = 𝜙(𝑊(𝑜N⨀𝑠N>s) + 𝑈𝑥N + 𝑏) (5.6) 

𝑠N = 𝑓N⨀𝑠N>s + 𝑖N⨀𝑠NÞ  (5.7) 
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Figure 5.6. Diagram illustrating the components of an LSTM cell. Specifically, input is passed 
to the cell, which then is passed through sigmoid and hyperbolic tangent neural network layers. 
Pointwise operations are then performed to merge input with the current state vector to update 
the state vector and produce an output. In this diagram, xt is an input vector at time point t, and ht 
is an output vector at time point t. 

 

5.2.6. Classification and Evaluation 

In order to evaluate the value of temporal information relative to single time-point analysis, 

classifications were performed using both SVM (single time-point) and LSTM (multiple time-

points) in the task of predicting the malignancy of future lesions. The same feature set used for 

training the LSTM and SVM networks. To characterize repeatability, 5-fold cross validation will 

be used for each classifier, with folds kept consistent over each classifier and consistent 

proportions of malignant and benign cases in each fold. This way, we ensure that training and 

testing splits were kept consistent for pairwise comparisons between classifiers. Each classifier 

will be trained separately on images of the affected and contralateral breasts in the task of 

classifying the malignancy of a future lesion using antecedent images. 

 ROI placement and radiomic feature extraction was performed on a dedicated 

workstation. CNN feature extraction and network training were performed in Keras (Version 

2.1.2) using a TensorFlow (Version 1.10.0) backend framework.  
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5.2.7. Temporal Sequence Classification with LSTM Network  

In order to evaluate classification performance with the inclusion of multiple mammographic 

time-points, features extracted from each image were used as inputs to the LSTM network. To 

consider the value of handcrafted radiomic features compared with CNN features, separate 

networks were trained using each of these two as input features, as illustrated in Figure 5.7. Each 

classifier described was trained in the task of classifying future malignant lesions using 

antecedent images. 

The LSTM network in this study was trained using a stochastic gradient descent (SGD) 

optimizer. In SDG, optimal weights are determined by choosing a random sample of training 

vectors and using these to compute an estimate of the gradient at each step of the training 

procedure. Given a random batch of training objects, the update by SGD is given by equation 

5.8, where q is the parameter to update, a is the learning rate, J is the objective function, and 

(x(i),y(i)) are the training feature vectors. 

 

 

 

 

 

 

 

 

𝜃 = 𝜃 − 𝛼∇â𝐽(𝜃; 𝑥(,), 𝑦(,)) (5.8) 
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a)  

 

b) 

  

Figure 5.7. Summary of the workflow involved in using LSTM networks to classify temporal 
sequences of mammograms in this study. (a) Workflow for CNN-extracted features, and (b) 
workflow for radiomic features. Classifications were performed to predict the probabilities of 
future malignant lesions based on antecedent images. 
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 Hyperparameters were selected by performing a limited sweep of learning rate and 

hidden dimension parameters. After sweeping over hidden dimensions of 512, 1024 and 2048, 

and sweeping over learning rates of 10-3, 10-4 and 10-5, the combination of parameters yielding the 

highest classification performance as judged by the AUC was selected for the task of classifying 

future malignant lesions using antecedent images. The selected hyperparameters for each set of 

input features is described in Table 5.3. For each LSTM network, 50 epochs were used in 

training. 

 

5.2.8. Single Time-Point Classification with Support Vector Machine 

In order to provide a reference for which to compare the LSTM model constructed using a time 

series of input images, classification was also performed using the image collected one year prior 

to diagnosis in the task of classifying the likelihood of malignancy of the future lesion. As only 

one single time point is used for classification, a support vector machine (SVM) was trained in a 

5-fold out manner to construct predictions. To reduce dimensionality, principal component 

analysis (PCA) was performed to reduce feature space to 25 principal components prior to 

training the SVM. Training and classification were performed once using handcrafted radiomic 

features as input, and once using features extracted by a pre-trained CNN as input. This process 

is illustrated in Figure 5.8.  
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a)  

 

b)  

 

Figure 5.8. Summary of the workflow used to classify single time points of mammograms in this 
study. (A) Workflow for CNN-extracted features, and (B) workflow for radiomic features. 
Classifications were performed to classify future lesions as malignant or benign. 
 

5.2.9. Statistical Evaluation 

From ROC analysis, the AUC was used as a figure of merit in the task of predicting malignant 

lesions using antecedent images, and the statistical difference between the AUC values for 

different models was computed using ROCKIT software. A two-tailed t-test was used as there 

was no a priori assumption for the superior classifier.  

 To further investigate the role of laterality in classifying future lesions as malignant or 

benign using imaging phenotypes, a non-inferiority test was performed to compare the difference 

in AUC between the contralateral and affected breast for each of the classifications considered in 

this analysis. In this non-inferiority test, a maximum allowable difference to suggest non-

inferiority (d) in AUC of 0.1 was selected. Ideally, meta-analysis of literature concerning the 

clinical task of classifying future lesions as malignant or benign based on parenchymal analysis 

of the affected compared to contralateral breast would be performed to determine d, however 

there exists limited works on this highly specific task, thus precluding such a meta-analysis. 
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Therefore, we chose to follow the suggestion of a difference in AUC of 0.1 in the demonstration 

of moderate differences as suggested elsewhere.[187] In evaluating the results of the non-inferiority 

test, the 95% confidence interval for the difference in AUC was compared with the non-

inferiority boundary to determine whether noninferiority was demonstrated. If the confidence 

intervals included the non-inferiority boundary, then the results were interpreted as inconclusive 

as suggested by previous works.[188] This is illustrated in Figure 5.9. 

 

 

Figure 5.9. Illustration of the interpretation of non-inferiority results based on the range of the 
95% confidence intervals of observed differences between AUC. In this demonstration, A would 
be inferior to the reference, G would be superior to the reference, D and E would be non-inferior 
to the reference, and B, C and F would be judged to be inconclusive. 

 Additionally, the odds ratio is investigated as a metric for the performance of the 

classifiers evaluated in this study. We chose to study the odds ratio as this is a commonly 
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accepted metric for clinical studies and is appropriate for retrospective studies as it is a 

symmetric measure of association that does not depend on sampling scheme. In other words, it 

does not require that the proportion of disease states represent the proportion of disease states of 

the greater population. Typically, the odds ratio is used to compare binary outcomes among 

binary or categorical exposure groups. It is computed by taking the ratio of the odds of disease 

state for two different exposure groups, and thus describes how many times higher the odds of 

disease are for one group compared to the other. 

 In this study, however, predictors were not binary, but rather were continuous variables. 

Thus, a regression was used to estimate the change in logistic odds ratio as the classifier output 

varies. A positive change in logistic odds ratio with increasing classifier value suggests a positive 

association between classifier output and malignancy. Thus, a positive value would suggest that 

a classifier appropriately predicts disease state. A negative change in logistic odds ratio suggests 

a negative association, and therefore suggests poor performance of a classifier.  

 

5.3. Results 

The hyperparameters that were ultimately selected for use in training the LSTM networks are 

summarized in Table 5.3. These hyperparameters were each selected as they led to the highest 

performance in the task of predicting future malignancy compared to the other hyperparameters 

considered in the grid search, with the AUC as a figure of merit in the task of predicting 

malignancy of future lesions based on antecedent images. Additionally, the performance of the 

classifier over hyperparameter space is summarized in Figure 5.10. When networks were trained 

with various sets of input features (radiomics, VGG-19 extracted features), different hidden 

dimensions and learning rates yielded higher performance. Interestingly, a larger hidden 
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dimension of 2048 was optimal for networks trained on radiomic features, which consisted of 

only 45 features per time point. However, a smaller hidden dimension of 512 was optimal for the 

network trained on VGG-19 extracted features when all time points were used. This suggests 

that, for this data, higher dimensional feature vectors performed best with a lower hidden 

dimensionality based on grid search results as shown in Table 5.3 and Figure 5.10. 

  

Table 5.3. Hyperparameters selected for training of each LSTM network in this study. 

Feature Set Hidden Dimension Learning Rate 
Radiomics (All time points) 2048 10-5 
Radiomics (Two time points) 2048 10-4 

Pre-trained CNN (All time 
points) 

512 10-4 

Pre-trained CNN (Two time 
points) 

2048 10-3 

 

The performance of each classification included in this study is summarized in Figure 

5.11. In general, classifiers using multiple time points with LSTM outperformed classifiers using 

a single time point through SVM. When features extracted from a pre-trained CNN were used, 

LSTM classifiers using either two or all available time points were observed to have statistically 

significantly different performance compared with a single time point on SVM, for each of the 

affected and the contralateral breast. When radiomic features were used, LSTM classifiers using 

either two or all available time points performed statistically significantly differently from a 

single time point on SVM for the contralateral breast but not the affected breast after correcting 

for multiple comparisons.  
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a) 

 

b) 

 
c) 

 

d) 

 
Figure 5.10. Intermediate performance output for LSTM network training on various 
combinations of hyperparameters. Each plot describes the (A) affected breast with CNN features, 
(B) affected breast with radiomic features, (C) contralateral breast with CNN features, and (D) 
contralateral breast with radiomic features. Color indicates the performance as judged by the 
AUC in the task of characterizing future lesions. Ultimately, only one hyperparameter set was 
selected based on the set that yielded the highest AUC. This figure shows the results for training 
the LSTM using all available time points, and this optimization was repeated again using only 
the two most recent time points. 
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Figure 5.11. Performance of each classification performed in this work, and the p-value of the 
two-tailed t-test for comparison of the difference in AUC between classifications. After the 
Holm-Bonferroni correction for multiple comparisons, p-values of less than 0.008 suggest 
statistically significant differences. Additionally, 95% confidence intervals are given for the 
difference in AUC value for each comparison in the task of characterizing lesions as malignant 
or benign based on antecedent images. In each classification 125 cases were used and 5-fold 
cross-validation was performed. 
 

 Furthermore, we failed to show a significant difference in AUC between the LSTM 

network trained using CNN-extracted features and using radiomics features after correcting for 

multiple comparisons. This trend held for both classifications using the affected breast and using 

the contralateral breast. 

 The performance of each classifier is summarized by their respective ROC curves in 

Figure 5.12 in the task of characterizing the malignancy of future lesions using antecedent 

images. These curves demonstrate that the performance of LSTM classifiers is greater than the 

performance of SVM classifiers at each operating point of the curves. Notably, the LSTM 

curves, one based on CNN-extracted features and one based on radiomic features, cross for data 

extracted from images of the affected breast. This suggests ambiguity in their relative 
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performances, namely that CNN-extracted features perform better at low sensitivity and radiomic 

features perform better at high sensitivity. 

a) 

 

b) 

 

 

Figure 5.12. ROC curves for each comparison performed in this study. (A) shows classification 
performance on images of the affected breast, and (B) shows classification performance on 
images of the contralateral breast in the task of characterizing future lesions as malignant or 
benign. Performance is shown for an LSTM trained using all available time points, and an SVM 
trained using the single most recent time point. 
 

 In clinical practice, it is unknown whether the future lesion will develop in the right or 

left breast. Therefore, it is more clinically relevant to examine a merged classifier, which takes 

into account the classifier output on each the left and right breast in the task of predicting 

whether the future lesion will be malignant or benign. Furthermore, given that we failed to 

demonstrate significant difference between classifiers trained using pre-trained CNN-extracted 

features and radiomic features, it is also of interest to explore the classification performance in 

the task of characterizing future lesion malignancy when the output from each breast and each 

feature type is averaged. These results are presented in Figure 5.13. Statistical comparisons were 
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not performed on the merged classifier output in order to maintain statistical power by limiting 

the quantity of pairwise comparisons performed. However, it appears that merging information 

from the left and right breast tended to improve performance of the multi-time-point LSTM 

networks and merging information from the radiomic and pre-trained CNN classifiers also 

tended to improve performance in the task of characterizing lesions using antecedent images. 

 

 

Figure 5.13. AUC values for each classifier compared, including merged classifiers. Each 
merged classifier was constructed by taking the average classifier output from two different 
classifiers for each individual case, and then performing ROC analysis on the averaged output 
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values in the task of characterizing future lesions as malignant or benign. Error bars show one 
standard error. 

 
Example images for patients whose ROIs were either successfully or unsuccessfully 

classified in the task of classifying malignancy of lesions using antecedent images are shown in 

Figure 5.14.  

 

Figure 5.14. Illustration of several images that were either successfully or unsuccessfully 
classified by the various classifiers explored in the task of predicting future malignancy. For each 
of four patients, the ROI of the affected and contralateral breast are shown, and the probability of 
malignancy as output by each classifier is reported. Malignant lesions are outlined in red, and 
benign lesions are outlined in green. 

Truth LSTM (All 
Time Points)

LSTM (Two 
Time Points)

SVM (One 
Time Point)

Benign 0.00918429 0.00160454 0.58211587 CNN

Affected 0.00062992 0.03700001 0.42943321 RTA

Benign 8.84E-05 1.10E-07 0.5243741 CNN

Contralateral 0.00068988 0.01566291 0.60634358 RTA

Malignant 0.90339977 0.98107535 0.57552894 CNN

Affected 1 1 0.54879784 RTA

Malignant 0.99996746 0.99774677 0.56488323 CNN

Contralateral 1 0.99999988 0.47094009 RTA

Benign 0.30418611 0.7147308 0.55283708 CNN

Affected 0.11997195 0.26213643 0.41746922 RTA

Benign 0.28262118 0.4343085 0.58719626 CNN

Contralateral 0.32632157 0.43883425 0.62609033 RTA

Malignant 0.12825143 0.79703784 0.5947646 CNN

Affected 0.99995887 0.83469844 0.57097629 RTA

Malignant 0.3610025 0.11830772 0.50876604 CNN

Contralateral 0.0023696 0.02458518 0.48910374 RTA
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 To further investigate the differences observed between classification performance on the 

affected and the contralateral breast, a non-inferiority test was performed in the task of 

characterizing future lesions as malignant or benign. The results of this test are summarized in 

Figure 5.15. The 95% confidence interval for each comparison between affected and 

contralateral breast crossed into the non-inferiority margin, thus suggesting that the evidence is 

inconclusive due to low statistical power. Typically, non-inferiority margins are based on 

existing literature covering the task of interest, and the margin is estimated for clinical impact. 

However, given the limited quantity of literature investigating the task of predicting future 

malignancy, a margin of 0.1 was used in this study. 
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Figure 5.15. Difference between AUC calculated on the affected breast and the contralateral 
breast in the task of characterizing future lesions as malignant or benign based on antecedent 
images. Error bars show the 95% confidence interval of the difference. The dotted lines show the 
non-inferiority margin. Each classification comparison crosses into the non-inferiority margin, 
suggesting that the evidence of non-inferiority is inconclusive due to low statistical power. 

 

 To examine more closely the marginal descriptive impact of the trained classifiers in 

predicting malignant versus benign lesions in each of the classifiers examined in this study, the 

unit increase in logistic odds ratio per increase in standard error in probability score was 

calculated. The change in logistic odds ratio was calculated using a logistic regression and 

weighting according to the standard error of the classifier output.[189,190] The results are presented in 

Table 5.4.  
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Table 5.4. Unit increase in logistic odds ratio per standard error in probability score from trained 
classifier in the task of characterizing future lesions as malignant or benign based on antecedent 
images. The 95% confidence interval is shown for each value. 

OR 
(95% CI) 

LSTM (all time 
points) 

LSTM (2 time 
points) 

LSTM (1 time 
point) 

SVM (1 time 
point) 

CNN (affected 
breast) 

0.122 
(0.074, 0.172) 

0.126 
(0.078, 0.174) 

0.042 
(0.001, 0.083) 

0.015 
(-0.026, 0.056) 

CNN 
(contralateral 
breast) 

0.134 
(0.083, 0.186) 

0.186 
(0.217, 0.250) 

-0.008 
(-0.047, 0.031) 

0.019 
(-0.026, 0.053) 

CNN (both 
lateralities) 

0.232 
(0.145, 0.319) 

0.397 
(0.217, 0.576) 

0.025 
(-0.015, 0.065) 

0.019 
(-0.020, 0.059) 

Radiomics 
(affected breast) 

0.182 
(0.123, 0.240) 

0.104 
(0.059, 0.150) 

0.024 
(-0.071, 0.022) 

0.047 
(0.004, 0.090) 

Radiomics 
(contralateral 
breast) 

0.214 
(0.144, 0.283) 

0.171 
(0.113, 0.230) 

0.052 
(-0.001, 0.104) 

-0.020 
(-0.059, 0.020) 

Radiomics (both 
lateralities) 

0.352 
(0.186, 0.519) 

0.203 
(0.130, 0.277) 

-0.007 
(-0.048, 0.033) 

0.014 
(-0.025, 0.053) 

CNN and 
Radiomics (both 
lateralities) 

0.436 
(0.251, 0.621) 

0.385 
(0.231, 0.540) 

0.002 
(-0.036, 0.040) 

0.020 
(-0.019, 0.059) 

 

 In Table 5.4, classifiers with positive unit increase in logistic odds ratio per standard error 

in classifier output demonstrate positive association between classifier and disease status, thus 

suggesting utility of the classifier. In contrast, classifiers whose odds ratio confidence intervals 

include zero do not demonstrate association between the classifier output and disease status, 

suggesting poor performance of the classifier. Therefore, the odds ratio suggest similar 

conclusions to the AUC values, insofar as LSTM classifiers with two or all time points 

considered performed well, whereas LSTM classifiers with one time point and SVM classifiers 

did not perform well.  
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5.4. Discussion 

While LSTM tended to outperform SVM classifiers in the task of characterizing future lesions as 

malignant or benign, exceptions existed for radiomics features of the affected breast. In this case, 

whether the LSTM was trained with two time points or all available time points, a statistically 

significant difference was not observed between the LSTM and SVM classifiers. This suggests 

that the marginal benefit of a classifier incorporating temporal information is greatest in cases 

when features are extracted from the contralateral breast and are extracted using a CNN as 

opposed to conventional radiomic features.  

 Classification performance in the task of predicting future lesion malignancy was not 

observed to be statistically significantly different when an LSTM network was trained using 

either VGG-19 features or using radiomic features. This suggests that, while these feature sets 

are different in their origin and how they are extracted, they achieve similar results. Thus, either 

feature set may be appropriate for classifications with temporal LSTM networks. 

 While statistical comparisons were not performed between performance on the affected 

and contralateral breast in predicting malignancy of future lesions in order to maintain statistical 

power, some general observations can be made. Generally, classification performance on 

features extracted from images of the affected breast was not always higher than the same 

classifications on the contralateral breast. Because only antecedent images were used in this 

analysis, no mammographic abnormalities were present. Thus, while it is possible that the 

affected breast had a precancerous texture change leading up to lesion detection, these results 

suggest that a change also occurred in the contralateral breast that may indicate future 

malignancy. Thus, this observation suggests that a field effect, changes in the breast extending 



 127 

beyond the lesion itself, is present in both the affected and contralateral breasts in antecedent 

imaging leading up to detection of a lesion. 

 Non-inferiority tests gave inconclusive results, thus limiting our ability to draw 

conclusions about the relative superiority or inferiority of classifiers. With a larger dataset, we 

expect that confidence intervals may narrow, thus allowing conclusions to be drawn about 

superiority and inferiority of the classifiers investigated in this study. 

 This investigation into the use of temporal sequences of data for malignancy prediction 

involves several limitations. First, this study used a dataset of limited size compared with other 

implementations of LSTM networks. Curation of large data sets is more challenging and 

expensive in the medical domain compared with natural images, thus resulting in our small 

number of cases included. Additionally, the data used in this study was collected at two separate 

institutions. While all images were acquired on Hologic units, differences in image acquisition 

procedures may have varied between the two medical centers, resulting in some differences in 

image characteristics. Incidence rates were not matched at the two institutions, with the 

University of Chicago Medical Center data consisting of majority malignant lesions, and MD 

Anderson Cancer Center data consisting of majority benign lesions. Thus, the results observed 

may be an overestimate in the performance of the classifiers explored. 

 Additionally, the intervals at which women underwent screening were not consistent. 

While national agencies suggest screening at regular intervals of time, patient compliance was 

not consistent in the data. Furthermore, women may have undergone screening at an institution 

outside of the two involved in this study, and therefore this additional image was omitted from 

this investigation. Collecting images from consistent time intervals may affect, and potentially 

improve, the performance observed in this study. 
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 The nature of screening exams involves repeat imaging on separate exam dates, thus 

inherently involving repositioning of the patient in the imager. As a result of this, images are not 

spatially registered to one another. While this may be solved through deformable registration 

methods, it is likely that such image processing would alter the radiomic features extracted, 

potentially reducing the efficacy of such features. The approach taken in this study was to 

manually align ROIs on undeformed images, however this method only results in approximate 

spatial registration across exam dates. While previous studies have shown that radiomic features 

tend to be only minimally impacted by small changes in spatial placement of an ROI, there may 

still be some effect present.[191] 

 Finally, note that this study compared a new method, using LSTM networks to 

incorporate temporal information, with a conventional supervised learning approach (SVM) that 

does not involve deep learning. The transfer learning approach of using SVM to merge CNN-

extracted image features has also shown promise in other FFDM studies.[150,192]  

    

5.5. Conclusion 

This chapter presents an imaging-based breast cancer prediction method that captures temporal 

information about parenchymal texture on FFDM. These temporal sequences are used to classify 

future lesions as malignant or benign. 

 Compared with the previous methods presented in chapters 3 and 4, this work allowed for 

the incorporation of imaging information from multiple antecedent images, as opposed to just a 

single image. Thus, this method evaluated not only the appearance of the parenchyma, but also 

changes in the parenchyma over time. This work explored temporal network performance when 
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using features extracted either by conventional radiomics methods and from the VGG-19 pre-

trained network. 

 Based on the analyses performed in this study, LSTM networks were observed to 

significantly outperform SVM classifiers when using features extracted using VGG-19 and to 

outperform SVM classifiers when using radiomic features of the contralateral breast. However, 

no statistically significant difference was observed between performance of LSTM and SVM 

classifiers when radiomic features of the affected breast were used. 

 The main motivation for selection of LSTM networks for use in characterizing temporal 

image sequences is their ability to prevent vanishing or exploding gradients during error 

backpropagation. Additionally, LSTM networks are well suited to handle sequences of varying 

length, as women have varying numbers of screening mammograms throughout their lifetimes. 

 The method used in this study was motivated by the fact that human experts compare 

current screening mammograms with previous screening mammograms to assist in the detection 

of abnormality. This suggests that prior images may provide additional information to the current 

image.[177] Thus, changes in texture over time may be indicative of an elevated probability of 

developing a malignant breast lesion. 

 The deep learning methods employed here captured temporal data patterns that are not 

typically examined in conventional radiomics approaches. This work has shown that the 

temporal data patterns capture clinically useful information in evaluating the classification of 

future lesions based on screening mammography. 
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CHAPTER 6 

Summary and Future Directions 

In this chapter, the main contributions of this dissertation are summarized. Limitations of the 

presented works are identified, and future work is suggested to address these limitations. 

 Chapter 2 proposed novel metrics for use in characterizing the robustness of radiomic 

features in pairs of images acquired under two different imaging conditions. These metrics were 

then utilized to identify a set of features that are robust over mammograms acquired with units 

from two different vendors: GE and Hologic. In general, features descriptive of spatial patterns 

tended to be more robust than those descriptive of image intensity or directionality. In particular, 

as evaluated using the proposed robustness metrics, the most robust features included box 

counting fractal dimension, Minkowski fractal dimension, power law beta, and the GLCM 

features of correlation and information. This chapter emphasized methods for evaluating 

robustness of radiomic features, as different features may be more or less robust on different 

modalities, image sites, or imaging parameters. 

 Chapter 3 built off of the work of Chapter 2 by incorporating measures of robustness into 

feature selection methods. Specifically, a two-stage method for radiomic analysis was 

implemented in the task of predicting risk of breast cancer. The first stage of this method used 

hierarchical clustering and the robustness metrics of Chapter 2 to identify a subset of features 

that were robust and non-redundant. This first stage functioned in an unsupervised manner. In the 

second stage, the utility of candidate features was evaluated in a supervised manner using 

stepwise feature selection. Thus, in this manner, a set of descriptive features was identified from 

the subset of already robust and non-redundant features. In order to demonstrate the efficacy of 
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the proposed method, this two-stage method is applied in the task of classifying risk of breast 

cancer. This study concluded that as restrictions on feature robustness were more stringent, 

classification performance increased in a monotonic manner. Additionally, we failed to show 

significant differences between the proposed two-stage method when used on raw feature values 

and the proposed two-stage method when used on pre-harmonized features through application 

of ComBat harmonization methods. While this chapter demonstrated the proposed two-stage 

method on paired data, this method could be extended for use with unpaired data by performing 

robustness assessment with metrics that do not require paired data. Therefore, application of this 

method suggests that radiomics-based classifications may be improved by incorporating 

robustness considerations. 

 While Chapters 2 and 3 focused on intuitive radiomic features, Chapter 4 extended 

beyond this to investigate the use of deep learning for image analysis. This chapter implemented 

the concept of transfer learning to medical image analysis in the task of characterizing lesions as 

malignant or benign. To handle the limited size of data sets available in the medical imaging 

domain, we use a pre-trained convolutional neural network to extract features, and then train a 

conventional classifier to use these features for image classification. This image analysis method 

was performed on FFDM images, DBT key slice images, and synthesized 2D images derived 

from DBT projection data. Classification performance was compared among the three different 

image types. The results of this study found that for mass and architectural distortion lesions 

DBT key slices performed better than FFDM images in the task of characterizing lesions as 

malignant or benign. 

 Having established the value of deep learning methods in medical image analysis, 

Chapter 5 applies deep learning methods to evaluation of temporal sequences of FFDMs 
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acquired over the course of years as part of consistent breast cancer screening. Through the use 

of LSTM networks, patterns in image characteristics over time were investigated for use in the 

task of classifying future lesions as malignant or benign using antecedent images. Furthermore, 

this study compared the use of radiomic features and features extracted from convolutional 

neural networks in LSTM networks. This study concluded that evaluation of temporal sequences 

resulted in significantly better performance than use of a single time point, however the study 

failed to demonstrate statistical significance between LSTM networks using radiomic or deep 

learning features. Therefore, these results suggest that incorporation of temporal information 

through a deep learning network significantly improves upon conventional approaches of single 

time point analysis through a simple classifier, such as SVM, in the task of classifying future 

malignant lesions. However, this study concluded that radiomic features and deep learning-

extracted features are both appropriate for use in training an LSTM network. 

 Having completed these studies, several limitations were present that may be addressed 

in future studies. These limitations and suggested future work are summarized here. 

In evaluating the robustness of radiomic features, images collected on two different vendors (GE 

and Hologic) were compared. This leads to further investigations of the specific factors 

impacting robustness. Specifically, robustness can be evaluated on imaging modalities other than 

mammography. These may include MRI, CT or others. Additionally, further investigation into 

potential harmonization techniques designed to handle the identified differences in features 

across imaging conditions could be developed. 

The method of incorporating robustness metrics into classification of images was 

designed such that it required images of each patient under each of the two imaging conditions, 

which in this study were mammography unit vendor. Extension of this method to allow for more 
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flexible inputs could be investigated. Specifically, the feature selection method could be 

extended to incorporate image data under more than two imaging conditions. Additionally, the 

feature selection method could be extended to incorporate image data in cases where each patient 

is not necessarily imaged under the two (or more) imaging conditions under investigation. 

Investigations into the application of deep learning feature extraction on DBT images 

yielded promising results, but these observations should be further investigated to expand upon 

our understanding, as the study involved a small dataset, incorporated only a single slice of the 

DBT, did not incorporate radiomic features, and used a simple SVM for classification. 

Specifically, as the work presented in this dissertation used only a single key slice of the DBT, 

future studies could incorporate volumetric information of the lesion by merging data from 

multiple slices of the DBT image set. Additionally, the methods in this study performed feature 

extraction followed by classification using SVM. Future studies could compare this approach to 

transfer learning through fine-tuning or by training a network from scratch. 

In the investigation of temporal analysis of sequential mammograms, a small multi-

institutional dataset with varying intra-exam time intervals was used, leaving room for future 

investigations. Specifically, exams in this study were not acquired at consistently spaced 

intervals of time. Further investigation into methods for handling variability in the time between 

exams, such as time-modulated LSTM, would be of interest. Additionally, this study involved 

predicting likelihood of malignancy in a cohort of patients who all ultimately underwent biopsy. 

Future studies could extend this investigation by comparing sequences of mammograms for 

women who ultimately developed a malignant lesion to those who did not develop any 

mammographic abnormality. 
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Computerized analysis of medical images has the potential to aid in breast cancer risk 

assessment. Its utility has been demonstrated on various modalities, including FFDM and DBT. 

By quantitatively evaluating parenchymal patterns and abnormality characteristics, radiomics 

and deep learning methods have the potential to provide information to clinicians that may assist 

in patient management decisions. The work presented in this dissertation provides evidence of 

the potential of radiomics and deep learning to improve breast cancer risk assessment. 
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