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Breast cancer risk assessment can help early detection and intervention planning, lower mortality, and 

improve care outcomes. Many current tools utilize risk factors such as age, menopausal status, personal 

biopsy history, and family history of breast cancer. Although these characteristics are associated with risk, 

the tools incorporate minimal information from imaging studies such as mammograms or MRIs. Even when 

negative for disease, analysis of these images could provide rich information on breast tissue biology that 

might also capture risk. There remains much unexplored potential in leveraging imaging markers as part of 

risk assessment models for prevention and early prediction.  

In this work, we aim to develop and assess a new risk prediction model that incorporates MRI-derived 

features along with clinical risk factors.   

In Part 1, I collected relevant clinical risk factors for predicting cancer within 5 years from the MRI for a 

cohort of elevated risk patients. I built a REDcap data repository to store their clinical risk factors obtained 

from electronic health records, such as select demographic information, menopausal status, BRCA mutation 

status, and family history of breast cancer.   

In Part 2, I identified predictive quantitative breast MRI markers. I extracted quantitative markers of 

background parenchymal enhancement using an image processing pipeline, which I helped develop, and 

assessed their ability to predict 5-year cancer risk.   

In Part 3, I performed multimodal combination of imaging markers and clinical risk factors to predict 5-

year cancer risk. I also explored the performance of these combinations for several cohort subsets. My 

findings showed that multimodal combination with imaging markers can improve the predictive 

performance of a conventional risk assessment tool.   
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Chapter 1 

Introduction  
1.1 Motivation  

1.2 What this work aims to do  

1.3 Three Parts and Outline of Chapters  

1.4 Contributions of this work  

 

1.1 Motivation  

 Breast cancer accounts for an estimated 32% of newly diagnosed cancers 

annually for women in the United States, and is the second leading cause of cancer 

related deaths for them (Siegel et al., 2025). Approximately one in eight women in the US 

will develop breast cancer in her lifetime (Giaquinto et al., 2022), representing a significant 

health risk for every individual in the long-term. Screening and early detection of breast 

cancer lead to better care outcomes (Duggan et al., 2021; Hoerger et al., 2011), including 

for recurrent cancer cases (Houssami et al., 2009; Lu et al., 2009). A study investigating 

breast cancer mortality between 1975 and 2019 attributed 25% of mortality reduction to 

screening and early detection (Caswell-Jin et al., 2024).  

 

 Early detection of breast cancer is achieved through a combination of the use of 

breast cancer risk assessment models, which estimate a risk score based on personal 

and familial risk factors (Jacobi et al., 2009; McClintock et al., 2020; Waters et al., 2020), 

and radiological screening (Lee et al., 2020; Monticciolo et al., 2017). Risk assessment 

tools and imaging occupy different parts in that sequential workflow, but having good 

performance in both is crucial for ensuring overall performance of the entire screening 

process. 

 

First, an individual can be classified as being at average or high risk of developing 

cancer in a variety of ways, which include but are not limited to: lifetime risk calculated 

from assessment models, personal risk factors or family history. Lifetime risk scores from 

risk assessment tools can be useful in more personalized risk stratified screening 

strategies. Most risk assessment tools utilize clinical risk factors such as age, prior breast 

biopsy history, and family history of breast cancer (Cintolo-Gonzalez et al., 2017a).  

 

Recommendations for screening modality and frequency are based on a woman’s 

estimated risk, where average risk women in the United States are typically 

recommended to undergo annual screening with mammography and high-risk women are 

recommended to receive additional screening using magnetic resonance imaging (MRI), 

two commonly used imaging modalities for breast cancer screening. The sensitivity of 

radiological screening technologies is also of high importance for early detection. In high-

risk populations, MRI is reported to be more sensitive (sensitivity range: 75% to 91%) 

than mammography (sensitivity range: 36% to 40%) but may sometimes be less specific 

(specificity range: 82% to 93%) than mammography (specificity range: 93% to 99.5%) at 

detecting first-time cancer (Kriege et al., 2004; Warner et al., 2008).  
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Accuracy in both the risk assessment and radiological screening stages is crucial 

for the overall screening. There are consequences to inaccuracies in the entire screening 

process. False positives result in psychosocial (Brodersen & Siersma, 2013) and financial 

(Elmore et al., 1998) burden to women, while false negatives result in delayed diagnosis 

and intervention as well as financial costs (Petticrew et al., 2001). Therefore, there is need 

to improve current approaches of risk assessment in order to select optimal screening 

regimens for early detection in order to provide timely intervention and enable better care 

outcomes. This work aspires to improve risk assessment tools during the initial part of the 

screening process, which we will discuss further in the next section.  

 

1.2 What this work aims to do 

This dissertation aims to develop and assess a new risk prediction model that uses 

a multimodal combination of MRI-derived features and clinical risk factors. The central 

hypothesis of this dissertation is that combining imaging and clinical risk factors will 

produce better prediction performance than using either alone. Since only a few risk 

assessment tools currently incorporate mammographic breast density as an imaging 

factor (Cintolo-Gonzalez et al., 2017a; Ready et al., 2010), there is value in investigating 

the predictive performance of markers derived from other imaging modalities, particularly 

MRI. Conventional risk models use clinical factors that are common and predictive at the 

population level but lack individual-level information about the person’s tissue biology; 

age is a common characteristic, but tissue biology is unique. Imaging can provide patient-

specific information that better reflects the individual’s own biology at a particular point in 

time. Therefore, there is an opportunity to improve cancer prediction tools that use only 

clinical risk factors through incorporating imaging markers. While not all risk assessment 

tools incorporate information from imaging, those that incorporate mammographic density 

report an improvement of area under the receiver operating curve (AUC) of 0.04, from 

0.57 to 0.61 for the Tyrer-Cuzick model and 0.55 to 0.59 for the Gail model (Brentnall et 

al., 2015). The differences between these models will be discussed further in Chapter 2. 

While the increases in AUC after adding mammographic density are relatively modest, 

they do demonstrate the value that imaging markers potentially hold in improving risk 

models. Overall, the performance of such clinical risk models remain modest (0.59 to 

0.61), suggesting room for improvement. This dissertation work leverages functional MR 

imaging markers, capturing tissue physiology, to further improve performance of an 

established clinical cancer risk prediction model for a population of women considered to 

be at high risk of developing cancer. The proposed multimodal risk prediction model was 

aimed at improving upon the population-level clinical risk factors by using the individual-

level features  of quantitative MRI markers. 

 

The standard screening modality for women at average risk is mammography, 

while high-risk women receive MRI in addition to mammography during routine screening 

(Smith et al., 2019). As mentioned before, in the high-risk screening population, MRI is 

more sensitive than mammography (Warner et al., 2008). Another important aspect of 
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difference between the two imaging modalities is cost; a study estimated a bilateral 

mammogram to cost between $33 to $73 while MRI could be between $646 to $1432 

(Moore et al., 2009), which is many times more expensive. This is another reason why 

MRI is offered only to individuals who will benefit the most from getting it; women who are 

considered to be at high risk of developing cancer. 

 

The specific population we study in this work is a subset of high-risk women who 

underwent breast MRI screening. Individuals are considered to be at elevated risk of 

developing breast cancer due to a combination of family history or personal risk factors. 

Our work aims to better stratify women considered to be at high risk and enable better 

personalization of screening and intervention strategies in contrast to a one-size-fits-all 

approach for this risk group. If the risk prediction model from our work is shown to improve 

upon conventional risk assessment tools, there is opportunity for a future iteration of the 

model to provide complementary information to guide in the clinical decision-making 

process for adjusting screening strategies for high-risk individuals. In Chapter 6, I discuss 

the implications that this research would have on the development of a clinical decision 

support tool, even though it is beyond the scope of this dissertation. For individuals who 

are identified to be at the lower end of the high-risk spectrum, there can be opportunities 

to de-escalate screening strategies to biannual MRI instead of an annual frequency. For 

individuals who are identified to be at the higher end of the high-risk spectrum, there can 

be opportunities for escalation which may include but not limited to additional preventive 

therapies such as aromatase inhibitors or selective estrogen receptor modulators. 

 

The next section provides an outline of my work, beginning with the three Parts 

which roughly guided the chronological order of work done, then followed by a summary 

of every chapter in this dissertation document.  

 

 

1.3 Three Parts and Outline of this dissertation  

This dissertation work was conducted in three sequential parts:  

• Part 1: Identified a study cohort and extracted relevant risk factors for predicting 

future breast cancer  

• Part 2: Identified predictive quantitative breast imaging markers from screening 

MRIs  

• Part 3: Developed a new multimodal cancer risk prediction model 

To create and evaluate a new multimodal risk model leveraging MR imaging 

markers, I first needed to identify and collect data from a specific study cohort, which is 

the work of Part 1. Then, in Part 2, I calculated MR imaging markers and assessed their 

performance in predicting cancer risk. In Part 3, I showed that multimodal combination of 
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imaging and clinical risk scores perform better than using either alone for predicting 

cancer diagnosis within 5 years.   

 

Chapter 2: Imaging in cancer screening and breast cancer risk prediction models 

 

Before I delve into the methodology and results of this work, it is necessary to 
provide key context. I begin with discussing the role of imaging in breast cancer screening, 
looking at various modalities and eventually focusing on MRI since it is most relevant to 
this work. I also briefly discuss screening recommendations in average- versus high-risk 
women. This is followed by a discussion of common imaging markers. Since this 
dissertation is centered around MRI in the high-risk population, much of the work will 
explore qualitative and quantitative MRI background parenchymal enhancement (BPE). 

 

  I examine various breast cancer risk assessment tools and their differences. I 
inspect their different risk factors and examples where they have performed well in risk 
prediction. I eventually highlight the Tyrer-Cuzick risk model and why we select it as a 
benchmark for comparison in our work. In the last part of this chapter, I discuss emerging 
imaging-based risk models. They are different from the approach taken in this work, while 
still relevant to mention as newer examples of cancer risk prediction. 

 

 

Chapter 3: Preliminary work on quantitative MR markers associated with cancer risk 
 

This chapter contains our preliminary work in exploring the association between 
quantitative MR markers and breast cancer risk. The patient cohort included 77 women 
with dense breasts and varying breast cancer risk who underwent breast MRI. This cohort 
did not yet have 5-year cancer outcome and follow-up available. In lieu of true outcomes 
of cancer diagnoses, Tyrer-Cuzick risk scores were available and binarized into high- and 
low-risk categories. This work was published as a full-length article in Cancers (Surento 
et al., 2025). Through exploring various quantitative imaging markers, we found that 
quantitative BPE metrics were most highly correlated with Tyrer-Cuzick risk groups, 
encouraging us to investigate their performance in a larger cohort with actual cancer 
outcomes. 

 

 

Chapter 4: A data repository for the study cohort 

 

   This chapter describes the data we collected for the study cohort as Part 1 of this 
dissertation. I begin by defining our study cohort, detailing the process by which we apply 
exclusion criteria and case-cohort sampling strategy to decrease the total cohort size to 
a more feasible number to extract quantitative imaging marker and clinical risk factor 
lookup. The chapter presents the motivation and details of this sampling approach, and 
we arrive at a cohort of 234 women. 
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I then describe building a data repository for the study cohort, enumerating the 
various clinical risk factors and imaging markers to be collected, along with their data 
sources. Much of the information for clinical risk factors is contained in medical free text, 
for which I conducted manual lookups of medical records and read through physician 
notes to extract the relevant data. I stored and organized the resulting data in a REDcap 
data repository. Using the clinical risk factors, I then calculated a risk score using the 
Tyrer-Cuzick model, introduced in Chapter 2. The approached described here for risk 
factor collection and management may serve as a reference guide for future multimodal 
work that combines imaging and clinical factors. 

 

 

Chapter 5: Quantitative MR imaging markers and cancer risk 

 

  This chapter assesses the predictive value of the quantitative imaging markers 
developed and evaluated in Part 2 of this dissertation. The primary objective is to 
determine whether MRI-derived quantitative imaging markers can predict a future cancer 
diagnosis. Our final study cohort of 234 women, as described in Chapter 4, all have 5-
year cancer outcomes available. In this chapter, we assess the relative performance of 
predicting cancer diagnosis within 5 years using qualitative and quantitative BPE. Here, 
we found that quantitative BPE metrics significantly predict future breast cancer diagnosis 
and performed equal to or better than qualitative BPE in predicting 5-year cancer.   

 

 

Chapter 6: A new imaging-based cancer risk prediction model 

 

  This chapter presents the approach and results of this dissertation’s main goal: 
building and evaluating a multimodal risk prediction model for predicting 5-year cancer 
risk. As Part 3 of the dissertation work, this chapter examines the predictive performance 
of models that combine individual quantitative BPE metrics with Tyrer-Cuzick risk scores 
derived from the clinical risk factors described in Chapter 4. 
 
 

We found that in the full cohort of 234 individuals, multimodal prediction generally 
performed better than either clinical or image-based prediction. We also explored model 
performance in several subgroups: 182 ndividuals without known BRCA mutations (i.e. 
excluding BRCA-positive women), 212 individuals who developed invasive cancers 
(excluding those with ductal carcinoma in situ [DCIS] only), and 138 individuals who were 
pre-menopausal. These subset analyses provided insights into relative model 
performance in these populations. 
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Chapter 7: Conclusion and Future Work 

 

  The concluding chapter begins with addressing limitations of our current work and 
discussing potential avenues for improvement. An important limitation was the 
missingness of clinical risk factors, where individuals had varying levels of data 
completeness.  

 

In addition, I present a road map for the next steps of the project. Short-term next 
steps include expanding the sample size through expanding the retrospective study’s 
follow-up period to a later end-date and trying alternative prediction models or 
performance metrics to identify optimal combinations of variables. Long-term next steps 
for the project may involve refining the variables used for prediction. For quantitative 
imaging markers, there may be alternative approaches to derive quantitative metrics such 
as selecting different enhancement thresholds and acquisition time points along the 
dynamic contrast-enhanced image series. For clinical risk factors, there may also be 
efforts directed at collecting additional risk factors not included in our database. Such 
alternative approaches may ultimately produce different optimal combinations of imaging 
and clinical risk variables, leading to new insights and best practices.   

 

This chapter also discusses broader implications and directions for future work in 
multimodal risk prediction for cancer and concludes with a brief summary of the clinical 
and biomedical informatics contributions from this dissertation work. Overall, the results 
support the multimodal approach of supplementing conventional clinical risk prediction 
with imaging markers. 
 

 

1.4 Contributions of this dissertation work 

 

The results from our work contribute to a growing body of evidence demonstrating 
the value of quantitative markers in predicting breast cancer risk. We generally observed 
automated quantitative BPE metrics to perform just as well or better than qualitative, 
radiologist assessed BPE. As quantitative metrics have the potential to be more objective 
and reproducible markers of risk than qualitative BPE, our results offer supporting 
evidence to incorporate quantitative BPE in future cancer risk prediction.  

 

An important contribution from my work is validating that multimodal prediction 
approaches outperform those relying solely on clinical factors or imaging markers. 
Despite the challenges associated with collating imaging and clinical risk data from 
disparate sources, this work has demonstrated the inherent value in improving prediction 
performance through such combinations. Imaging features offer a more direct reflection 
of an individual’s biology, while clinical risk factors offer a further view of disease likelihood 
as recorded and followed at a population level. Prediction approaches that combine data 
capturing both aspects may enable a more balanced and holistic risk assessment 
compared to using either separately. While future work could explore more optimal 



7 
 

combinations of imaging and risk factors, our work provides insights and results as an 
early proof-of-concept. 

 

While beyond the scope of this dissertation, insights from a future iteration of our 
multimodal risk prediction may potentially assist in clinical decision support. Our work is 
partly motivated to help stratify patients who are categorized to be at high risk for 
developing cancer. When there is a future iteration of a multimodal risk model with 
improved performance, it may be used to categorize patients to be at the higher end 
versus lower end of the risk spectrum. If validated well, the predicted outcome may be 
used to recommend de-escalation or escalation of screening and interventions. De-
escalation could be in the form of a reduction in frequency of MRI screening, or an 
escalation by prescribing risk-reducing medication such as aromatase inhibitors or 
selective estrogen receptor modulators.  

 

In summary, my work contributes in several ways to research and potentially to 
clinical practice. I explored quantitative imaging markers for predicting cancer risk, I 
validated of multimodal risk prediction, and potentially provided an initial precursor to 
clinical decision support for planning an individual's screening and intervention.  
 

 

 

 

 

 

 

 

 

 

 

 

 

  



8 
 

Chapter 2 

Imaging in cancer screening and breast cancer risk prediction models 

2.1 Screening recommendations and introduction to imaging modalities 

2.2 Imaging Markers for Screening   

2.3 Breast cancer risk prediction models  

2.3.1 Conventional clinical risk assessment tools 

2.3.1 Imaging-based models  

 

2.1 Screening recommendations and introduction to imaging modalities 

 This chapter discusses two important aspects of breast cancer screening: imaging 

and risk assessment tools. In Sections 2.1 and 2,2, I discuss the imaging modalities and 

markers used during cancer screening, followed by Section 2.3 with a survey of various 

risk assessment tools used to calculate lifetime risk scores. Together, they form important 

elements of breast cancer screening. 

As described in Chapter 1, breast cancer is a serious public health hazard affecting 

women in the United States, being the second leading cause of cancer related deaths 

and diagnosed in approximately one in eight women over their entire lifetime (Giaquinto 

et al., 2022). Screening and early detection of breast cancer can lead to better care 

outcomes (Duggan et al., 2021; Hoerger et al., 2011) and have been credited with a 25% 

mortality reduction between 1975 and 2019 (Caswell-Jin et al., 2024).  

The American College of Radiology recommends annual mammographic 

screening to begin at age 40 for women at average risk for breast cancer, and age 30 for 

women determined to be at high risk due to factors including but not limited to: carrying a 

genetic mutation, family history, or a calculated lifetime risk score of greater than 20% 

(Lee et al., 2020; Monticciolo et al., 2017). An individual’s lifetime risk score is calculated 

during screening by using risk assessment tools, which will be discussed in further detail 

in Section 2.3 of this chapter. High-risk women are also recommended to have MRI as 

an additional imaging modality for annual screening beginning between ages 25 to 30 

years old (Lee et al., 2020). The high prevalence of elevated mammographic density 

among high-risk women renders mammography less effective at identifying cancer since 

dense breast tissue may potentially mask the presence of cancer already present at the 

time of screening, leading to underdiagnosis (Boyd et al., 2007; Porter et al., 2007).  

Mammography and MRI are two commonly used imaging modalities for cancer 

screening, with mammography being more common because it is offered to both average-

risk and high-risk groups of women while MRI is recommended as an additional modality 

just for the high-risk group due to its limited access and high cost. A mammogram is a 



9 
 

specialized type of X-ray imaging that captures the distribution of breast tissue 

composition: fatty tissue has a darker appearance while breast parenchyma including the 

ducts and lobules attenuates more X-ray beams and has a brighter appearance. A typical 

mammogram offers two views for each lateral breast: the craniocaudal and mediolateral 

oblique views.  

Breast MRI screening involves three-dimensional scans of contrast-enhanced and 

non-contrast-enhanced image acquisitions. The BI-RADS Atlas recommends breast 

screening images to be acquired using pulse sequences that include T1- and T2-weighted 

images with or without fat saturation, dynamic contrast-enhanced (DCE) acquisitions 

involving multiple post-contrast time points (after injection of a gadolinium based contrast 

agent), along with subtraction and maximal intensity projection (MIP) post-processed 

images (Arian et al., 2022; D’Orsi et al., 2013). T1- and T2-weighted images provide 

anatomical information to help radiologists assess morphology, while DCE and MIP 

images show functional information involving intravenously injected contrast material 

enhances tissue surrounding vessels and helps radiologists assess physiology. On MRI 

non fat-suppressed T1-weighted images, breast parenchyma has high water and protein-

bound cellular content and so appears relatively dark due to slower T1 relaxation rates, 

while fat appears bright due to more rapid T1 relaxation rate. On T2-weighted MR images 

with fat saturation, breast parenchyma appears darker because it contains less free water 

due to presence of cellular components and has shorter T2 relaxation time relative to 

pure fluid, while fat appears dark due to the fat saturation technique that suppresses 

signals from protons in fat molecules. DCE is performed using sequential fat-suppressed 

T1-weighted scans acquired before and multiple times after contrast injection (gadolinium 

based contrast agent). On DCE images, breast parenchyma shows varying degrees of 

enhancement depending on the amount of contrast agent uptake. MIP images depict the 

highest signal from across all breast slices in the three-dimensional volume, showing 

regions with the greatest contrast material concentration, including blood vessels and 

potentially suspicious breast lesions. This is a summary of what appears on breast 

mammography and MRI.  

Apart from mammography and contrast-enhanced breast MRI, there are also other 

modalities for breast cancer screening such as ultrasound and contrast-enhanced 

mammography (CEM). For women with dense breast tissue, mammographic screening 

supplemented with ultrasound showed improved sensitivity in detecting cancer compared 

to just using mammography alone (Berg et al., n.d.; Giuliano & Giuliano, 2013). However, 

this is also accompanied by more false-positive findings when compared with 

mammography alone (Giuliano & Giuliano, 2013; Hooley et al., 2012). Contrast-enhanced 

mammography involves the injection of iodinated contrast agent two minutes prior to 

imaging, allowing better visualization of vascularity (Jochelson & Lobbes, 2021; Sogani 

et al., 2021). CEM has been found to detect lesions better than conventional 

mammography (Cheung et al., 2014; Fallenberg et al., 2017). 
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Despite the availability of various imaging modalities for breast cancer screening, 

MRI remains to be the best screening tool for individuals considered to be at high risk of 

developing cancer. Multiple studies comparing the sensitivity of MRI against CEM  

(Neeter et al., 2023; Pötsch et al., 2022) and ultrasound (Berg et al., 2012; Kuhl et al., 

2010; Kuhl et al., 2005) have reported MRI outperforming other modalities. While false 

positive findings are present in MRI, studies involving multiple rounds of screening report 

decreases in false positives; exams interpreted as suspicious decreased from 26% in 

baseline screening to 10% in subsequent screening (Warner et al., n.d.), and callback 

rates decreased from 15% at first screening to 9% at subsequent rounds of screening. 

Thus, MRI is a modality that offers high sensitivity and shows reduced false-positive rates 

over multiple screening instances.  

 

2.2 Imaging markers for screening 

 In mammographic screening, radiologists look for abnormal patterns in the breast 

tissue. Mammographic images enable detection of tumorous growth before they become 

palpable. Natural variations in every individual’s tissue composition of fat, stroma and 

epithelium causes differences in radiographic appearance; fat appears dark on a 

mammogram while epithelium and stroma appear light (Johns & Yaffe, 1987). Deviations 

from healthy appearances are therefore used as indicators of abnormal growth; especially 

in detecting the subtle signs indicative of an early tumor. Radiologists are trained to look 

for these signs, such as clustered calcifications, poorly defined masses, dilated ducts, 

architectural distortion, asymmetry, and developing density (Sickles, 1984). A typical 

mammographic report will describe the presence or absence of these findings, along with 

a qualitative assessment of the amount of stroma and epithelium as one of four categories 

of mammographic density (MD): almost entirely fatty, scattered areas of fibroglandular 

density, heterogeneously dense, or extremely dense.  

MD is always reported regardless of the presence or absence of lesions. This 

makes MD arguably the imaging marker with the largest availability in screening exams, 

by virtue of it being present in all average-risk women who are offered mammographic 

screening. An important study involving 1112 matched case-control pairs showed that 

higher MD is strongly associated with increased risk of breast cancer (Boyd et al., 2007). 

Naturally dense tissue can also potentially mask  smaller lesions and prevent their 

detection during radiological interpretation. Aside from being a qualitative category, 

mammographic density may also expressed as a quantitative value using tools such as 

Cumulus (Byng et al., 1998), LIBRA (Keller et al., 2015), Volpara (Matakina Technology, 

Wellington, New Zealand) and Quantra (Hologic, Bedford, MA, USA).  

 When interpreting MRI screening scans, radiologists look for tissue characteristics 

and potential abnormalities on images from multiple pulse sequences. As mentioned 

earlier, an MRI breast screening is recommended by the BI-RADS Atlas to involve image 

acquisitions from several pulse sequences: T1- and T2-weighted images with or without 
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fat saturation, DCE acquisitions involving multiple post-contrast time points, along with 

subtraction and maximal intensity projection (MIP) post-processed images (Arian et al., 

2022; D’Orsi et al., 2013). The overall breast composition is also described using three 

main aspects: the amount of fibroglandular tissue, the volume and intensity of background 

parenchymal enhancement, and presence of implants. Aside from structural information, 

the DCE acquisition in breast MRI screening also allows radiologists to observe and 

record functional characteristics of the breast tissue and any possible masses. The BI-

RADS atlas also outlines the types of findings that should be noted: foci, masses, non-

mass enhancements, and kinetic curve assessment of lesions through which the uptake 

and washout of the contrast material characterize the lesion type. Background 

parenchymal enhancement (BPE) is qualitatively assessed as one of four categories: 

minimal, mild, moderate or marked.  

Multiple studies have established the association of BPE with breast cancer risk 

(Arasu et al., 2019; Dontchos et al., 2015; King et al., 2011; Telegrafo et al., 2016). The 

exact mechanism by which BPE influences cancer development remains unclear, but it  

reflects increased leakage of contrast material into the fibroglandular tissue (Kuhl et al., 

1997), highlighting areas with physiologically active tissue responsive to hormonal 

fluctuations, prone to increased inflammation and provide suitable microenvironments for 

tumorigenesis (Bhatelia et al., 2014). While more research is needed to explicitly 

investigate the biological mechanism linking BPE and risk of breast cancer development, 

qualitative BPE associates with cancer risk independently of breast density (Arasu et al., 

2019; Dontchos et al., 2015). While qualitative BPE assessment is recorded as part of 

clinical interpretation of MRI screening, the work of this dissertation explores more 

specific quantitative BPE metrics computed directly from the MR images.  

 

2.3 Breast cancer risk prediction models 

2.3.1 Conventional clinical risk assessment tools 

 An important aspect of breast cancer screening is the consideration of cancer risk 

as calculated by risk assessment tools. They are often used to help determine the 

appropriate screening strategy depending on whether an individual is at average or higher 

risk. While earlier risk assessment tools assessed risk of carrying a BRCA1 or BRCA2 

genetic mutation, such as the Myriad I (Shattuck-Eidens et al., n.d.), Myriad II (Frank et 

al., 1998), and Penn/Couch models (Couch et al., 1997), I will focus on several current 

risk models that more directly estimate the risk of cancer. I selected the models discussed 

in this section based on a literature search (Amir et al., 2003; Brentnall et al., 2015; 

Cintolo-Gonzalez et al., 2017b; Gail et al., 1989; Jacobi et al., 2009; Ozanne et al., 2013; 

Ready et al., 2010) and not meant to be an exhaustive list; in Figure 2.1 I will focus on 

four of the most common models. 

 Among models that directly predict breast cancer risk, there are the Gail model 

(Gail et al., 1989), Chen model (Chen et al., 2006), Claus model (Claus et al., 1994), 
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Barlow model (Barlow et al., 2006), and the Tice/BCSC model (Tice et al., 2008). The 

Gail model (Gail et al., 1989) is a well-studied model which considers an individual’s 

hormonal exposure history (age at menarche, age at first live birth), breast pathology 

history (number of prior breast biopsies, history of atypical hyperplasia), as well as genetic 

(BRCA mutation) and family history of breast cancer. The Chen model (Chen et al., 2006) 

was an extension from the Gail model at the time of its release by incorporating breast 

density. The Claus model (Claus et al., 1994) predicts cancer risk by relying on the 

assumption of autosomal dominant inheritance and without including non-hereditary 

factors, considering only: age, the number of first- and second-degree relatives with 

breast cancer, and the age at their diagnoses. The Barlow model (Barlow et al., 2006) 

requires different risk factors based on menopausal status: premenopausal women need 

to provide age, breast density, number of first-degree relatives with breast cancer, and 

previous breast procedures; postmenopausal women need to provide more factors 

including age, ethnicity, body mass index, age of first live birth, use of hormonal therapy, 

number of first-degree relatives with breast cancer, breast density, and prior breast 

procedures. The Tice/Breast Cancer Surveillance Consortium (BCSC) model (Tice et al., 

2008) incorporates risk factors similar to the Gail model, with the addition of breast 

density, but not presence of a genetic BRCA mutation: age, race and ethnicity, age first 

live birth, personal history of breast biopsy, history of breast cancer in a first- or second-

degree relative, and breast density. These models were developed using cohorts 

designed for different purposes and therefore had different risk factors available.  

 Among models that predict both breast cancer risk and risk of carrying a genetic 

mutation, relevant examples include the BRCAPRO model (Mazzola et al., 2015), the 

BOADICEA model (Lee et al., 2016), and Tyrer-Cuzick model (Tyrer et al., 2004). The 

BRCAPRO model considers age, race and ethnicity, family history of breast cancer from 

any degree of relative, the age at their diagnoses, personal or familial ovarian cancer, 

and the presence of BRCA mutation. The BOADICEA model (Lee et al., 2016) considers 

age, family history of breast cancer from any degree relative, the age at their diagnoses, 

presence of male breast cancer, and personal or familial ovarian cancer, and the 

presence of a series of deleterious mutations: BRCA1, BRCA2, PALB2, CHEK2, and 

ATM. BRCAPRO and BOADICEA both put a substantial focus on hereditary information 

and less so on factors such as personal hormonal exposure or breast pathology history. 

The Tyrer-Cuzick model (Tyrer et al., 2004) is by far the most comprehensive model which 

includes risk factors from both personal and hereditary aspects: age, race and ethnicity, 

age at menarche, age at first live birth, age at menopause, parity, hormone therapy, prior 

biopsy results, presence of BRCA mutation, family history of breast and ovarian cancer, 

and breast density. This model’s ability to consider a wide range of factors in both 

personal and hereditary aspects is an important reason why we selected it for calculating 

risk scores in this dissertation work, which we used to predict 5-year cancer risk in 

Chapter 6 alongside imaging markers. In Figure 2.1, we compare the list of risk factors of 

four risk models which we found to be most common and relevant, from our literature 

search (Amir et al., 2003; Brentnall et al., 2015; Cintolo-Gonzalez et al., 2017b; Gail et 

al., 1989; Jacobi et al., 2009; Ozanne et al., 2013; Ready et al., 2010).  
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Figure 2.1 A comparison of risk factors used in a few popular clinical risk assessment 

tools. 

 The figure illustrates the various combinations of risk factors considered in each 

risk assessment tool, showing different approaches in predicting cancer risk. For this 

dissertation work, I selected Tyrer-Cuzick as our primary clinical risk assessment model 

due to its holistic capture of various risk factors, and also because it is routinely used 

during breast screening at our institution.  

2.3.2 Imaging-based models 

 Here I will briefly describe two imaging-based risk prediction models. They are both 

deep-learning based methods which utilize a breast imaging scan as input, and output a 

quantitative or binary prediction as cancer risk.  

 Yala et al. developed Mirai, a deep learning model that utilizes mammographic 

views and clinical risk factor information to predict cancer risk at each year over the next 

5 years (Yala et al., 2021). The model was trained on 210,819 exams, validated on 25,644 

exams, and tested on 25,855 exams. Of the 25,855 exams in the home institution, 588 

examinations were considered “positive” in the sense that they eventually developed 

pathology-confirmed cancer within 5 years. The model performed well when tested on 

held-out test sets from their home institution as well as two external institutions, obtaining 

C-indices of 0.76 to 0.81. Strengths of this model include its large training dataset, 

externally validated results, and an innovative approach to use clinical risk factors when 

available and making the model impute the risk factor values when they are unavailable. 

Main weaknesses include the fact that Mirai was trained using mammograms from a 

single vendor (Hologic) and so may be limited in its ability to assess mammograms from 

other vendors, and also that it does not address the interpretability aspect for how it 

estimated a risk score for a given mammogram.  
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 Arefan et al. developed and compared two mammogram-based deep learning 

models, a linear discriminant analysis (LDA) model called GoogLeNet-LDA and an end-

to-end model called GoogLeNet, using mediolateral oblique (MLO) and craniocaudal (CC) 

views to predict short-term risk (within 1 to 2 years) of developing cancer (Arefan et al., 

2020). Training and testing were performed with 10-fold cross validation on 452 images 

from 226 patients. The patients involved were a case-control cohort, where 113 cases 

are patients who later developed breast cancer while the 113 controls are matched 

controls who did not. The two models were compared across several experiments, with 

variants such as whole-breast images or dense regions and CC view, MLO view, or 

combined CC+MLO views. They found that in the highest performing experiment results, 

the GoogLeNet-LDA model (AUC: 0.73) outperformed the end-to-end GoogLeNet model 

(AUC: 0.68). Strengths of this study include the use of two different deep learning 

schemes and the use of case-control cohort design, which matches positive cases to 

controls, as well as an inclusion of some interpretability in the form of feature map 

visualization that indicates importance of regions in predicting risk. Weaknesses of this 

study include the fact that they also used mammograms acquired from a single vendor, 

and that it is a single-center retrospective study which needs to be validated externally.  

 These imaging-based models take a different approach from our work; they utilize 

2D mammogram images to generate a prediction, while we utilize quantitative markers 

derived from 3D MRI. Their models rely on mammography and therefore were not trained 

on MR images; applying these to MRI would require significant re-training using MR 

images. Using an entire image as input may preserve the rich representation of 

information, allowing the model to take full advantage of all features present in an image. 

Mirai does not address interpretability of how each mammogram leads to a specific risk 

score as result, while Arefan et al. did address that through feature map visualization that 

identifies regions that were important for risk prediction. Our approach to use specifically 

extracted quantitative markers enables the selection of features with known 

characteristics, enabling more focused associations and interpretable results. We believe 

there are merits to both approaches, each worth exploring and having the potential to 

make important contributions to the field of breast cancer risk prediction.  

Before I begin discussing the study cohort selection for the main results of this 

dissertation work, I will describe in the next chapter preliminary work in the association of 

cancer risk with quantitative MR imaging markers, which was accepted as a publication 

(Surento et al., 2025). 
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Chapter 3 

Preliminary work on quantitative MR markers associated with cancer 

risk 

3.1 Multiparametric MRI markers associated with breast cancer risk in 

      women with dense breasts from a 2019-2022 cohort (n=77) 

3.1.1 Methods 

3.1.2 Results 

3.1.3 Discussion 

3.1.4 Conclusion 

 In this chapter, I present preliminary work done to explore the association between 

quantitative imaging markers and cancer risk on a cohort of 77 women who did not yet 

have 5-year cancer outcomes from follow-up. Since the true outcomes were not available, 

I used low and high Tyrer-Cuzick risk categories as a proxy for cancer risk. Here I 

investigate the association of quantitative BPE along with other multiparametric MRI-

derived metrics with TC risk score categories in a screening population of 77 women with 

dense breasts; this work was published as a full-length journal article in Cancers (Surento 

et al., 2025).  

3.1 Multiparametric MRI markers associated with breast cancer risk in women 

with dense breasts from a 2019-2022 cohort (n=77) 

 

3.1.1. Methods for studying the association of Multiparametric MRI markers and 

breast cancer risk (n=77) 

 

Patient Population 

 This study involved patients enrolled in an IRB-approved research study evaluating 

the use of diffusion-weighted MRI in screening women with dense breasts. Breast density 

eligibility was determined based on mammography or MRI (BI-RADS density category C 

– heterogeneously dense or D – extremely dense). Between November 2019 and May 

2022, multiparametric breast MRI examinations were performed on participants for 

indications of either high-risk screening or problem-solving MR following discovery of a 

suspicious lesion on routine mammography or MR screening. All participants were 

confirmed to be negative for cancer, based on biopsy and 1-year follow-up. At our 

institution, TC risk assessment is routinely performed as part of the clinical workflow 

during breast screening. TC lifetime risk scores and clinical factors such as age, 

demographics, and menopausal status were retrospectively extracted from electronic 

medical records. 

 

Image Acquisition and Markers 

 Multiparametric breast MRI scans were acquired on a Philips Achieva 3T scanner 

using a dedicated 16-channel breast coil (Mammotrak, Philips Healthcare, Best, The 



16 
 

Netherlands). Dynamic contrast-enhanced (DCE) MRI involved one pre-contrast and 

multiple post-contrast T1-weighted scans, with the first post-contrast scan centered at 

110 s after contrast injection (0.1 mmol/kg body weight; ProHance, Bracco Diagnostics 

Inc., Milan, Italy). Diffusion-weighted imaging (DWI) was acquired with b-values 0, 100, 

800, and 1200 s/mm2. The details of the acquisition parameters are in Table 3.1. 

Table 3.1. Image acquisition parameters. 

Protocol DCE DWI 

Sequence Type  3D Fast Field Echo 

2D single-shot—
Echo Planar 

Imaging 
 

Acquisition plane axial axial 
Phase encode  R/L A/P 
Field-of-view (mm) 240 × 360 360 × 360 
Slice thickness (mm) 1.5 4 
Acquisition matrix 480 × 720 200 × 200 
In-plane resolution 
(mm2) 

0.5 × 0.5 1.8 × 1.8 

TR (msec) 5.7 3500 
TE (msec) 3 75 
Flip angle 10 90 
Fat suppression SPAIR SPAIR 
b values, s/mm2  0, 100, 800, 1200 
Gadolinium-based 
contrast agent 

gadoteridol (0.1 mmol/kg body weight) - 

Acquisition time  

2 min per phase, (1 pre-contrast, 3 
post-contrast phases with k0 at 

approx. 2, 4, and 6 min after contrast 
injection)  

<9 min total 

3 min 

 

Qualitative BPE assessments were obtained from imaging reports, where BPE 

was assessed by radiologists using DCE subtraction images (first post-contrast minus 

pre-contrast) and maximum intensity projections (MIPs) at the time of clinical 

interpretation, and categorized as minimal, mild, moderate, or marked in accordance with 

BI-RADS guidelines (D’Orsi et al., 2013). Background parenchymal diffusion signal (also 

known as diffusion background signal (Hahn et al., 2016)), defined as the persistent signal 

from fibroglandular tissue on DWI, was similarly assessed retrospectively by a radiologist 

using b = 1200 s/mm2 images (BPDS) and categorized as minimal, mild, moderate, or 

marked, as previously described (D’Orsi et al., 2013) (Figure 3.1). 
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Quantitative Imaging Markers 

 Quantitative imaging markers were calculated using custom software developed 

in MATLAB R2021b 9.11.0.2358333 Update 7 (Mathworks, Natick, MA, USA). Pre-

contrast DCE images underwent preprocessing to correct for patient motion using 2D 

affine registration and then resampled to isotropic resolution (1 × 1 × 1 mm). Image 

segmentation was performed using an open-source deep learning-based algorithm (Lew 

et al., 2024), which reported Dice similarity coefficients of 0.92 for breast, 0.86 for FGT, 

and 0.65 for blood vessels when compared to manually annotated masks. Our recent 

evaluations have shown this algorithm to provide accurate segmentations based on 

radiologist assessment while improving efficiency and reproducibility over semi-

automated methods (Kuo et al., n.d.). Using this algorithm, volumetric masks were 

generated for bilateral whole breasts, FGT, and large, apparent vessels (Figure 3.1). 

Masks of the whole breast, FGT, and vessels were used to derive volumetric metrics for 

the analysis (Table 3.2). 
 

 
 

Figure 3.1. Automated volumetric segmentations. Shown are representative masks 

(red) generated using a deep learning-based segmentation algorithm by Lew et al. (Lew 

et al., 2024) of (a) bilateral whole breasts, (b) FGT, and (c) larger vessels (as seen in 

the magnified box, yellow). 

 

Table 3.2. Quantitative BPE and volume measures. 

 Derivation Formula 

Volume measures  
Breast volume (cm3) number of voxels in Breast mask × volume per voxel 
FGT volume (cm3) # of voxels in FGT mask × volume per voxel 

Vessel volume (mm3) # of voxels in Vessel mask × volume per voxel 
FGT:breast ratio (%) (FGT volume/Breast volume) × 100% 

Vessel:breast ratio (%) (Vessel volume/Breast volume) × 100% 
Vessel:FGT ratio (%) (Vessel volume/FGT volume) × 100% 

BPE measures  
Median PE (%) median PE of voxels > 10% within FGT mask 

BPE volume (cm3) 
# of voxels with PE > 10% within FGT mask × volume per 

voxel 
BPE:breast ratio (%) (BPE volume/Breast volume) × 100% 
BPE:FGT ratio (%) (BPE volume/FGT volume) × 100% 
BPE:vessel ratio (BPE volume/Vessel volume) 

Integrated intensity (cm3) BPE volume × mean PE 
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Percent enhancement (PE) maps were calculated as (S1 − S0)/S0 × 100%, where 

S0 and S1 are the pre-contrast and first post-contrast DCE-MR images, respectively. A 

base threshold (PE > 10%) was applied to exclude sporadic noise, only including voxels 

that exhibited a PE of greater than 10% for analysis. Quantitative BPE calculations were 

then performed by applying the FGT mask to the PE map (Figure 3.1b), further described 

in Table 3.2. 

 

Apparent diffusion coefficient (ADC) maps were calculated with b = 0, 800 s/mm2 

using voxel-wise fitting of the monoexponential decay model (Stejskal & Tanner, 1965). 

Bilateral FGT masks were segmented on b = 0 s/mm2 images using a custom semi-

automated pipeline developed in MATLAB (Mathworks, Natick, MA, USA) based on fuzzy 

c-means clustering, first identifying the whole-breast area and then the FGT region 

(Figure 3.2). FGT masks were then applied to ADC maps to calculate summary ADC 

metrics (median, interquartile range [IQR], skewness). 
 

 

Figure 3.2. Segmentation of FGT on DWI. Shown are outputs from custom 

segmentation pipeline using b = 0 DWI, generating whole-breast masks ((a), white 

outline on b = 0), fuzzy c-means probability map of FGT (b), final FGT mask ((c), white 

out-line on b = 0), and final ADC map of masked FGT region (d). 

 

 

Statistical Analyses 

 Four subgroups of imaging markers were defined and evaluated: (1) qualitative 

markers (BPE and BPDS), (2) tissue volume measures (breast volume, FGT volume, 

vessel volume, FGT:breast ratio, vessel:breast ratio, vessel:FGT ratio), (3) BPE-related 

measures (median PE, BPE volume, BPE:breast ratio, BPE:FGT ratio, BPE:vessel ratio, 

integrated in-tensity), and 4) diffusion-weighted imaging measures (median ADC, ADC 

IQR, and ADC skewness). 
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The associations between imaging markers and patient age were evaluated using 

Spearman’s correlation. The TC risk score was used to classify patients into low-risk 

(≤20%) and high-risk groups (>20%). Discrimination between these groups using 

individual im-aging markers was assessed using receiver operating characteristic (ROC) 

curves and summarized using the area under the ROC curve (AUC). DeLong’s test was 

used to compare AUC values between markers. 

 

For the primary analysis, logistic regression analysis was conducted to assess the 

associations of individual imaging markers with TC group after adjusting for age. 

Histograms were used to visually assess the distributions of markers across patients. 

Markers demonstrating right-skewness were log-transformed to reduce asymmetry 

before including them in the models. Associations were summarized using odds ratios 

(ORs). We adjusted for age in the modeling since it may affect parenchymal tissue biology 

and enhancement (Müller-Schimpfle et al., 1997). 

 

Due to the number of imaging markers being tested for statistical significance, it 

was necessary to adjust the p-values to reduce the risk of false positive findings in the 

primary analysis. Holm’s method was used to adjust p-values from the age-adjusted 

logistic regression analysis within each imaging marker subgroup (qualitative markers, 

segmentation-derived volume measures, BPE-related measures, and diffusion-weighted 

imaging measures). Adjusted p-values (adj. p < 0.05) were considered statistically 

significant in the primary analysis. p-values from other analyses were not adjusted, and 

statistical significance in these analyses was defined as p < 0.05 without adjustment. 

 

Concordance rates between actual TC risk group and predicted TC risk group 

based on the age-adjusted logistic regression models were further investigated. This 

analysis was limited to the quantitative markers that had a statistically significant 

association with TC risk group in the primary analysis and qualitative BPE as a reference. 

The predicted TC risk group was classified as high risk if the predicted probability of being 

high risk exceeded the prevalence of the TC high-risk group in the whole cohort (74%) 

and low risk otherwise. 

 

3.1.2. Results for studying the association of Multiparametric MRI markers and 

breast cancer risk (n=77) 

 

Patient Characteristics and Follow-Up 

 Seventy-seven women with dense breasts were identified as eligible and included 

in the analysis (median age: 45 years, range: 26–71 years), of which 57 (74%) were at 

high risk of breast cancer. The majority of women were pre- or peri-menopausal (72.7%), 

had heterogeneously dense breasts (61%), were of White race (82%), and at high risk 

(74%) (Table 3.3). The proportion of women with extremely dense breasts was greater in 

the high-risk group (27/57; 47%) compared to the low-risk group (3/20; 15%), aligning 

with established associations of density with risk. By most recent follow-up at median 26.4 
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months (range 17.4 to 45.5 months) after MRI, two patients had developed breast cancer: 

one with TC lifetime risk of 22.9% who was diagnosed with invasive lobular carcinoma at 

25.6 months after MRI and another with TC lifetime risk 47.7% who was diagnosed with 

invasive ductal carcinoma at 27.4 months after MRI. 

Table 3.3. Patient characteristics for n=77 cohort. 

Variable 
Overall Cohort 

(N = 77) 

Age at MRI, years 45 (40, 52) 
  

Menopausal status  
Pre-menopausal 52 (68%) 
Peri-menopausal 4 (5%) 
Post-menopausal 21 (27%) 

Race  
American Indian/Alaska Native 3 (4%) 

Asian 5 (76%) 
Black or African American 1 (1%) 

White 63 (82%) 
More Than Once Race 1 (1%) 
Unknown/Not Reported 4 (5%) 

Breast Density *  
Heterogeneous 47 (61%) 

Extreme 30 (39%) 
Tyrer–Cuzick risk  

Low (≤20% lifetime risk) 20 (26%) 
High (>20% lifetime risk) 57 (74%) 

All data reported in count (%) or median (interquartile range). * Density based on MR or 
mammography. 

 

Correlation Between Imaging Markers and Age 

 

The imaging markers are summarized in Table 3.4 with their overall distributions 

and correlations with age. In general, BPE measures (Spearman’s rho: −0.29 to −0.47) 

and FGT-associated volume measures (Spearman’s rho: −0.30 to −0.38) were inversely 

correlated with age (Spearman’s rho: −0.14 to −0.47), while vessel-associated volume 

measures (Spearman’s rho: 0.29 to 0.38) and breast volume (Spearman’s rho: 0.25) were 

positively correlated with age. All correlations with age were statistically significant except 

for median ADC (Spearman’s rho: −0.14, p = 0.23). 
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Table 3.4. Spearman’s correlations of imaging markers with age. 

Variable Median (IQR) 
Spearman’s  
rho vs. Age 

p-Value 

Qualitative metrics    
Qualitative BPE 3 (1, 4) −0.31 0.006 

Qualitative BPDS 2 (1, 3) −0.39 <0.001 
Quantitative metrics    

Volume measures    
Breast volume (cm3) 1597 (1108, 2501) 0.25 0.029 
FGT volume (cm3) 204 (157, 326) −0.30 0.007 

Vessel volume (mm3) 13 (12, 14) 0.31 <0.001 
FGT:breast ratio (%) 14.2 (7.6, 19.4) −0.38 <0.001 

Vessel:breast ratio (%) 0.5 (0.4, 0.7) 0.29 0.011 
Vessel:FGT ratio (%) 4.0 (1.8, 7.2) 0.38 <0.001 

BPE measures    
Median PE (%) 28.1 (23.7, 36.1) −0.40 <0.001 

BPE volume (cm3) 147 (85, 262) −0.36 <0.001 

BPE:breast ratio (%) 7.9 (4.8, 14.0) −0.47 < 0.001 

BPE:FGT ratio (%) 62.0 (54.7, 72.9) −0.29 0.011 
BPE:vessel ratio 13.7 (8.3, 28.5) −0.47 <0.001 

Integrated intensity (cm3) 49 (26, 105) −0.43 <0.001  

Diffusion-weighted measures    
Median ADC (×10−3 mm2/s)  1.61 (1.43, 1.77) −0.14 0.23 

ADC interquartile range (×10−3 mm2/s) 0.49 (0.44, 0.57) 0.24 0.040 
ADC skewness (mm2/s) 0.03 (−0.27, 0.32) −0.26 0.022 

IQR = interquartile range. 
 

Association Between Imaging Markers and Tyrer-Cuzick Risk Classifications 

Qualitative and quantitative imaging markers stratified by TC risk group are shown 

in Table 3.5. Qualitative BPE levels and most quantitative volume and BPE measures 

tended to be higher in the high-risk versus low-risk group, while the opposite trend was 

observed in vessel-associated measures. After adjusting for age, BPE:breast ratio (OR: 

2.71 per 2-fold increase, adj. p = 0.037), FGT:breast ratio (OR: 2.59 per 2-fold increase, 

adj. p = 0.046), and BPE:vessel ratio (OR: 4.59 per 2-fold increase, adj. p = 0.037) were 

each individually associated with higher risk based on TC risk score, as illustrated in 

Figure 3.3. Neither qualitative BPE (OR: 1.79 per 1-level increase, adj. p = 0.11) nor 

qualitative BPDS (OR: 1.31 per 1-level increase, adj. p = 0.38) were significantly 

associated with risk group after adjusting for age. No other volume measure (adj. p > 

0.055), BPE measure (adj. p > 0.22), or diffusion-weighted measure (adj. p > 0.44) was 

significantly associated with risk group (Table 5). 

 

ROC curves for the three significant quantitative imaging markers (AUC: 0.77–79) 

and qualitative BPE (AUC: 0.69) are shown in Figure 3.4. While these three quantitative 

markers provided numerically greater discrimination between low- and high-risk groups 

than qualitative BPE (AUC: 0.69), the AUC values were not statistically significantly 

different (p > 0.22 for each by DeLong’s test). 
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Table 3.5. Association of each imaging marker with cancer risk group. 

     

Variable 
Low Risk 
(n = 20) 

 AUC (95% CI) 
Adjusted 

OR † (95% CI) 

Adjust
ed 
p-

Value ‡ 

Qualitative markers      

Qualitative BPE 2 (1, 3)  
0.69 (0.57–

0.82) 
1.79 (1.00–

3.39) 
0.11 

Qualitative BPDS  2 (1, 2)  
0.63 (0.50–

0.76) 
1.31 (0.72–

2.50) 
0.38 

Quantitative markers      

Volume measures      

Breast volume (cm3) 
1918 (1355, 

2833) 
 

0.62 (0.49–
0.76) 

0.74 (0.42–
1.27) 

0.28 

FGT volume (cm3) 178 (133, 204)  
0.70 (0.58–

0.83) 
1.83 (1.01–

3.52) 
0.22 

Vessel volume (mm3) 11 (8, 15)  0.66 (0.53–
0.79) 

0.53 (0.24–
1.02) 

0.24 

FGT:breast ratio (%) 7.4 (6.8, 13.5)  
0.77 (0.66–

0.88) 
2.59 (1.34–

5.56) 
0.046 

Vessel:breast ratio (%) 0.6 (0.5, 0.7)  0.68 (0.55–
0.80) 

0.44 (0.15–
0.97) 

0.24 

Vessel:FGT ratio (%) 7.1 (4.6, 9.3)  
0.76 (0.65–

0.87) 
0.28 (0.09–

0.67) 
0.055 

BPE measures      

Median PE (%) 
25.9 (23.7, 

38.0) 
 0.55 (0.39–

0.71) 
0.91 (0.52–

1.64) 
>0.9 

BPE volume (cm3) 97 (64, 133)  
0.72 (0.60–

0.85) 
1.81 (1.00–

3.46) 
0.22 

BPE:breast ratio (%) 4.8 (3.5, 6.6)  
0.78 (0.67–

0.89) 
2.71 (1.37–

5.98) 
0.037 

BPE:FGT ratio (%) 
59.3 (53.7, 

68.0) 
 0.59 (0.45–

0.74) 
1.19 (0.68–

2.06) 
>0.9 

BPE:vessel ratio 8.3 (5.8, 12.1)  
0.79 (0.68–

0.90) 
4.59 (1.75–

15.79) 
0.037 

Integrated intensity 
(cm3) 

36 (20, 49)  0.66 (0.52–
0.80) 

0.69 (0.22–
1.15) 

0.66 

Diffusion-weighted 
measures 

     

Median ADC (× 10−3 
mm2/s)  

1.56 (1.38, 
1.66) 

 0.61 (0.47–
0.76) 

1.34 (0.79–
2.37) 

0.57 

ADC interquartile range 
(× 10−3 mm2/s) 

0.48 (0.44, 
0.56) 

 0.51 (0.36–
0.66) 

1.32 (0.73–
2.58) 

0.57 

ADC skewness (mm2/s) 
0.12 (−0.07, 

0.33) 
 0.59 (0.45–

0.73) 
0.66 (0.37–

1.15) 
0.44 

AUC = area under the curve; CI = confidence interval; OR = odds ratio; * Values are 
bilateral and given as median (interquartile range).† Odds ratios are adjusted for age and 
expressed as the change per 1-level change (qualitative BPE and BPDS) or per 2-fold 
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change (all quantitative markers).‡ p-values were adjusted using Holm’s method within 
subgroups of markers as indicated by the table subheadings. Bold indicates statistical 
significance after adjustment (adjusted p < 0.05). 

 

Figure 3.3. Risk-stratified distributions of select imaging markers. Age-adjusted logistic 

regression analysis demonstrated significant differentiation between low- and high-risk 

groups (adjusted p-values < 0.05). Imaging markers shown are BPE:breast ratio (a), 

FGT:breast ratio (b), and BPE:vessel ratio((c), shown on log10 scale). 
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Figure 3.4. Diagnostic performance of imaging markers. ROC curves for discriminating 
between low- and high-risk groups for quantitative imaging markers that were statistically 
significant in the age-adjusted primary analysis (Table 3.5) as well as qualitative BPE for 
reference. 

 

Concordance Between Imaging Markers and Tyrer-Cuzick Risk Classifications 

We examined the concordance rates between actual and predicted TC risk group 

based on the age-adjusted logistic regression models to better understand agreement 

between MRI markers and Tyrer–Cuzick risk classifications, focusing on qualitative BPE 

and the statistically significant quantitative markers (Table 3.5). Across the markers, 

overall concordance rates reached up to 70% and were similar within low- (65–75%) and 

high-risk groups (67–70%), representing moderate concordance overall. Figure 3.5 

presents different examples of concordance between PE and TC risk alongside 

discordance between PE and TC risk. 

Table 3.6. Concordance rates of select quantitative markers and qualitative BPE. 

   

Marker 
Overall Cohort  

(n = 77)  
Low Risk 
(n = 20) 

 

BPE:breast ratio 52 (67%) 14 (70%)  

FGT:breast ratio 54 (70%) 14 (70%)  

BPE:vessel ratio 53 (69%) 15 (75%)  

Qualitative BPE 52 (67%) 13 (65%)  

Values are number (%) of cases where the actual and predicted risk groups are equal. 
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Figure 3.5. Examples of concordant and discordant cases. Subtraction MIPs (left 

column) and quantitative PE maps (right column) for several patients with concordant 

and discordant risk categorizations based on imaging markers and TC risk score. 

Patients 1 and 2 are examples of concordant cases. Patient 1 (a,b) is a 44-year-old 

woman with high TC risk (30%) due to past history of lobular carcinoma in situ and 

atypical lobular hyperplasia, exhibiting marked BPE and BPE:breast ratio of 12.5%. 

Patient 2 (c,d) is a 69-year-old woman with low TC risk (16%), exhibiting mild BPE and 

BPE:breast ratio of 3.1%. Patients 3 and 4 are examples of discordant cases. Patient 3 

(e,f) is a 44-year-old woman with low TC risk (18%), exhibiting moderate BPE and 

BPE:breast ratio of 13.0%. Patient 4 (g,h) is a 60-year-old woman with high TC risk 

(27%) due to family history of breast cancer, exhibiting minimal BPE and BPE:breast 

ratio of 3.6%. 
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3.1.3. Discussion for studying the association of Multiparametric MRI markers 

and breast cancer risk (n=77) 

Our study explored a wide range of breast MRI-derived parameters and found that 

several quantitative MRI markers incorporating BPE and anatomical volumes could be 

valuable tools to estimate breast cancer risk. Specifically, we found BPE:breast, 

FGT:breast, and BPE:vessel volume ratios differentiated between low and high Tyrer–

Cuzick risk groups (AUCs: 0.77–0.79) and retained significant association with risk after 

adjusting for age and multiple comparisons. Qualitative BPE, on the other hand, 

demonstrated a weaker association with risk (AUC: 0.69). Overall, our work validates the 

findings from prior studies identifying BPE as a marker of breast cancer risk (Arasu et al., 

2019; Dontchos et al., 2015; Hu et al., 2017, 2021; Kim et al., 2015; King et al., 2011; 

Lam et al., 2019; Liao et al., 2020; Niell et al., 2021; Pujara et al., 2018; Telegrafo et al., 

2016; Wang et al., 2023) and adds new evidence relating to the potential of other alternate 

quantitative imaging markers that may be associated with risk. Importantly, these 

quantitative imaging measures may serve as objective biomarkers that could be 

incorporated into clinical risk assessment algorithms to improve tailoring of screening and 

preventative interventions based on a more precise estimate of an individual woman’s 

risk of developing future breast cancer. 

 

Our study further confirms BPE to be associated with a woman’s breast cancer 

risk. While the exact mechanism by which BPE is associated with breast cancer 

development remains unclear, it is thought that BPE is a marker of physiologically active 

tissue responsive to hormonal fluctuations. Higher BPE is caused by an increase in 

permeability of vessels and uptake of contrast by the fibroglandular tissue in response to 

the effects of estrogen (Kuhl et al., 1997; Zeppa, 1969). These highlighted areas of 

physiologically active breast tissue are perhaps prone to increased inflammation and 

linked to favorable microenvironments for tumorigenesis (Bhatelia et al., 2014), therefore 

elevating cancer risk. The association between increased BPE and cancer risk is reflected 

in our finding of women who have a higher BPE:breast ratio being nearly three times more 

likely to be in the high cancer risk group by Tyrer–Cuzick (OR: 2.71, adj. p = 0.037). Our 

observations are consistent with those found by others investigating quantitative 

measures of BPE, where relative volumes of BPE differentiated women who 

subsequently developed cancer versus those who did not (Lam et al., 2019; Niell et al., 

2021). 

A novel finding of our study was the strong predictive value of the BPE:vessel ratio 

for breast cancer risk. The critical role of angiogenesis in breast cancer is well 

documented (Castañeda-Gill & Vishwanatha, 2016; Fakhrejahani & Toi, 2014; Kristensen 

et al., 2014; Madu et al., 2020; Vartanian & Weidner, n.d.; Weidner et al., 1991), and 

some studies have identified breast vascularity markers associated with cancer prognosis 

(Kim et al., 2015) and recurrence (Choi et al., 2016). However, to the best of our 

knowledge, specific vascular features in the breast preceding primary cancer 

development have not yet been investigated for their potential link to breast cancer risk. 

Studies have shown that higher BPE correlates with elevated levels of angiogenesis 
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markers, such as vascular endothelial growth factor (VEGF) (Kim et al., 2015; Sung et 

al., 2018). Women with fatty breasts have also been reported to exhibit increased breast 

vessel density (Fuller et al., 2019), which may also be linked to higher body mass index 

(BMI) and increased age (Fuller et al., 2019; Jesinger et al., 2011). This relationship may 

be reflected in our observation that patients of the low-risk group, who had lower breast 

densities compared to the high-risk cohort (15% extremely dense versus 47%, 

respectively), also tended to have higher vessel volume measures (though not statistically 

significant). Taken together with prior work, these findings emphasize the potential 

relevance of vascular changes, not only in tumorigenesis but also in anatomic and 

structural predispositions that may help stratify breast cancer risk. 

 

Given that BPE is known to be associated with breast cancer risk (Arasu et al., 

2019; Niell et al., 2021; Telegrafo et al., 2016; Wang et al., 2023), we were interested to 

examine the association of BPE and other MRI markers with TC-based risk classification. 

We used TC as a surrogate for breast cancer risk since it is among the most 

comprehensive risk assessment models considering a broad selection of risk factors such 

as family history, hormonal profile, and biopsy results (Cintolo-Gonzalez et al., 2017a), 

and it is used clinically for risk assessment at our institution. However, TC does not 

incorporate imaging markers beyond mammographic density, thus motivating our work to 

examine its association with BPE and other MRI markers. We found overall good 

agreement between risk classifications based on MRI marker predictions and TC risk 

scores, reaching up to 70% concordance. However, lack of concordance in 30% or more 

of cases also suggests they provide different and potentially complementary information 

that could be useful in combination to improve accuracy for risk prediction, which is 

important to explore in future work in study cohorts with known cancer outcomes. 

 

There were several limitations to our study. First, our study cohort included women 

who were mostly at high risk of breast cancer as well as some who had suspicious 

findings on mammogram or ultrasound. Also, our sample size was relatively small with a 

higher proportion of high-risk individuals, which may limit the generalizability of our 

findings to a broader population of average risk women. Our study defined cancer risk 

based on Tyrer–Cuzick lifetime risk score as we lacked complete 5-year follow-up and 

cancer outcomes in our patient cohort. Future larger studies with longer follow-up periods 

and pathology-confirmed cancer outcomes are needed to confirm associations of imaging 

markers with cancer risk. Such a study would also potentially demonstrate the 

incremental value provided by imaging markers and how best to combine them with 

clinical risk assessments (e.g., TC risk scores) to maximize predictive accuracy. 

Qualitative BPE was manually assessed by variable radiologists at the time of clinical 

interpretation; therefore, its performance as a marker may have been limited by inter-

observer variability compared to BPE assessments by a single reader. Lastly, the vessel 

segmentation masks captured visually apparent vessels and may have excluded smaller 

vessels contained within FGT regions. Therefore, the resulting vessel segmentation mask 

should not be considered a comprehensive vascular map. 
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3.1.4. Conclusion for studying the association of Multiparametric MRI markers 

and breast cancer risk (n=77) 

 

Our study investigated the potential value of multiparametric MRI markers for 

stratifying breast cancer risk in women with dense breasts. The findings demonstrated 

that several quantitative MRI markers were significantly associated with risk based on TC 

risk classifications. Quantitative BPE measurements distinguished women at low risk vs. 

high risk for breast cancer with higher accuracy than radiologists’ qualitative BPE 

assessments, with the additional advantage of offering more precise and less subjective 

evaluations. Beyond BPE, we also identified new markers relating to breast vessel 

volumes that were associated with risk, which may be worth exploring further. As our next 

step, we plan to perform a larger retrospective study in patients with known cancer 

outcomes to confirm the predictive value of these MRI markers and assess their 

incremental value to improve performance of conventional clinical risk assessment 

models. 

The findings described in this chapter led us to expand the work into a larger cohort 

with 5-year follow-up outcomes that were available. Since I identified several quantitative 

imaging markers that were associated with TC risk group, the next step was to compare 

them with actual cancer outcomes in our study cohort. Therefore, in the next chapter, I 

will describe the approach we used to select our study cohort, and the building of a data 

repository to store the clinical risk factors relevant in calculating TC risk scores for patients 

in our cohort. 
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Chapter 4 

Building a data repository for the study cohort  

4.1 Cohort description: high-risk screening population  

4.2 A data repository for the study cohort  

4.2.1 Clinical risk factors to collect  

4.2.2 Data Completeness and Summary  

In order to build and assess risk prediction models, we need a clean data set that 

includes both clinical data and imaging information from our study cohort. Here, I describe 

the work carried out to build this dataset, as well as the cohort selection and sampling 

approach we used.   

  As a centralized repository of data for the study cohort, the database enables us 

to store all pertinent information extracted from electronic medical records, and to keep 

track of collection progress. Section 4.1 describes the cohort selection and sampling 

approach used to arrive at our study cohort of 234 individuals. We performed case-cohort 

sampling in order to arrive at a workable sample size to extract quantitative imaging 

markers and perform risk factor lookup.  Later in this chapter, I will describe the case-

cohort sampling approach in greater detail. Section 4.2 details the organization of the 

REDcap data repository and summarizes what was found to be available or missing from 

the collection effort.  

Ultimately, the goal of collecting clinical risk factors was to calculate Tyrer-Cuzick 

(v8) risk scores using the IBIS Breast Cancer Risk Evaluation Tool (CharterHouse 

Square, London, United Kingdom). These risk scores, when combined with imaging 

markers from Chapter 5, enabled us to perform multimodal modeling of cancer risk in 

Chapter 6. While Tyrer-Cuzick (TC) risk scores were generated at the time of screening 

and available in the medical records for a subset of the patients, they were not usable for 

our purposes due to the lack of recording of individual risk factors that were used for input. 

In order to harmonize the risk predictions across patients, all TC risk scores used in our 

work were re-calculated using the clinical risk factors extracted from electronic medical 

records, enabling us to appraise predictive performance while taking into consideration 

the extent of data missingness. In addition, collecting risk factors enables us to 

characterize the patients in our study cohort as well as perform subanalyses based on 

these specific characteristics, which we explore in Chapter 6.   

In addition to describing the organization of this data repository, this chapter may 

also potentially provide a reference guide for future risk prediction studies involving 

multimodal combinations of variables.  
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4.1 Cohort description: high-risk screening population 

As outlined in Chapter 2, our work focuses on high-risk women instead of women 

at average risk of developing cancer. Individuals are at elevated risk of developing breast 

cancer due to the presence of family history and/or personal genetic mutation; being at 

high risk makes them eligible for screening with MRI in addition to annual mammography. 

This is in contrast to average-risk women who receive only mammographic screening.  

We outline the process to arrive at our study cohort as follows: 
Step 1: Acquire a list of all breast MRI scans from 2005 to 2021, which are        
            accessible to us. 
Step 2: Exclude patients known to have personal history of breast cancer       
            according to CSS tumor registry and UW medical records. 
Step 3: Exclude patients whose MRI is within 1 year of a subsequent cancer  
       diagnosis, to rule out concurrent cancers. 
Step 4: Case-cohort sampling on this pool of women: randomly select 15% of 

the pool of women from step 3 and include any positive cases not 
captured in the 15% sampling.  

 

  At the end of Step 3, we have identified a pool of patients without prior breast 

cancer or within 1 year of MRI. Positive cases are defined as those who developed cancer 

at least one year after and within five years since the MRI screening, and negative 

controls are those who do not have cancer diagnosis within that period according to 

follow-up information. Figure 4.1 illustrates the selection process from Steps 1-3. 

The risk prediction in this work refers to the model output of a binary outcome of 

“yes” or “no” cancer, specifically within the period of 5 years since the time of screening 

MRI. The predicted binary outcome is compared against a true outcome of presence or 

absence of cancer diagnosis according to follow-up. Time intervals of 5- and 10-year risks 

are commonly used by breast cancer risk assessment tools because they allow for an 

actionable timeline for introducing clinical interventions or screening strategies (Cintolo-

Gonzalez et al., 2017a; Gail, 2015). We choose to estimate 5-year risk in our work due to 

a threefold motivation: 1) finding a cohort with 5-year follow-up with cancer outcomes 

enables a larger cohort size because it is easier than finding a cohort that has 10 complete 

years of follow-up, 2) improves ability to compare performance with other common risk 

assessment tools, and 3) minimizes the likelihood of competing mortality due to other 

health conditions. 
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Figure 4.1 Identifying a pool of women with no prior BC or within 1 year of MRI through 

exclusion criteria (Steps 1-3) in preparation for case-cohort sampling.  

Using this pool of patients identified at the end of Step 3, we performed a case-
cohort sampling (Step 4) that enables us to leverage findings from a subset to offer 
insights into the larger screening population. Another benefit to using a subset is to 
improve feasibility of deriving quantitative imaging markers and collecting clinical risk 
factors, which would demand far more time and effort if done in the entire pool of patients. 
Case-cohort sampling is an efficient approach to study cancers and rare diseases, 
including all incidence cases as positives, and negatives sampled from the initial pool 
regardless of future disease outcome. This allows us to preserve all positive cases to be 
used in the final study cohort, improving the feasibility of collecting complete covariate 
data just for the study cohort instead of the larger pool. The final sample is then enriched 
with positives: having a relative proportion of positive-to-negative cases that is higher than 
the observed incidence rate in the general population and regular cancer yield of 2.2 – 
3.5% from MRI screening (Lehman et al., 2007; Lehman & Smith, 2009).  

 

Based on sample size projections in preparation for our project, assuming that 
each quantitative BPE marker associates with new breast cancer by having a true hazard 
ratio of 1.5 per 1-SD increase in the marker, a sampling fraction of 15% would still grant 
us 80% power to statistically confirm that association (Cai & Zeng, 2004, 2007). 
Additionally, applying a 15% sampling fraction also increases the feasibility to produce a 
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well-curated study cohort with high-quality quantitative markers and manually collected 
clinical risk factors. A larger sampling percentage would benefit statistical power but also 
increase the amount of time and effort involved in collecting clinical risk factors and 
generating quantitative imaging markers.  

 

Figure 4.2 illustrates the case-cohort sampling approach of Step 4 as follows. We 
begin with a randomly selected 15% sample, which includes mostly negatives and 
perhaps some positives. Next, we included all women who eventually developed breast 
cancer later who were not captured in the 15% sampling. This produces 52 positive cases 
and 182 negatives, totaling in 234 women as the final study cohort. The relative proportion 
of positive cases is now approximately 22%. This positive-enriched cohort allows our 
predictive model to have enough positive cases to learn from and result in better 
predictive performance than if there were fewer positive cases. 

 

 

Figure 4.2 Case-cohort sampling (Step 4) approach to obtain a final study cohort of 234 

women.  
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4.2 A data repository for the study cohort 

 

We built a database to store information on the study cohort’s 234 women, serving 

as a repository of clinical factors (age, menopausal status, etc), and imaging information 

(study accession numbers, date, specific imaging interpretations from radiology reports). 

Specifically, for positive cases, we also collect histology information: invasive carcinoma 

or ductal carcinoma in situ (DCIS). The information stored in this database represents a 

central repository of data from multiple sources, which includes Pathology reports, MRI 

reports, progress notes, tumor registry, each varying in the extent of data structuredness.  

4.2.1 Clinical risk factors to collect  

Table 4.1 summarizes the information we collected for the study cohort, as 

organized in the REDcap data repository we used as a storage platform. The Tyrer-

Cuzick assessment tool can take in a large number of risk factors to calculate risk for a 

single patient. This can range from highly relevant personal risk factors such as biopsy 

history to cursory factors detailing extended family relatives, such as the number of 

paternal nieces who had ovarian cancer and the age at which they were diagnosed. 

Availability of these risk factors may not be uniform across all patients and years of 

medical recordkeeping. Since we had to extract risk factors via manual lookup from the 

medical records, we chose to prioritize a group of core risk factors that are commonly 

used by other risk assessment tools.   

They included:   

• age at MRI scan,   

• age at menarche,   

• age at menopause,   

• menopausal status at the time of MRI scan,   

• BRCA test result, mammographic breast density,   

• prior result of biopsy procedure  

• family history of breast cancer  

• family history of ovarian cancer.   

While Tyrer-Cuzick is the main clinical risk model used in our work, we aimed to support 

future use of other clinical risk assessment tools. Because cancer risk models rely on 

different clinical factors (Chapter 2), we selected core risk factors that balance overlap 

across models with data collection feasibility. This approach allows the same dataset to 

be used to calculate risk scores from multiple assessment tools. 

 

 



34 
 

Table 4.1 Patient clinical and imaging information stored in the data repository  

Data field 

group  

Data field name  Data type  Imaging or 

Clinical  

TC model 

input (Y/N)  

Demographics          

  Age at MRI scan  Numeric  Clinical  Y  

  Age at menarche  Numeric  Clinical  Y  

  Age at onset of menopause  Numeric  Clinical  Y  

  Menopausal status at MRI 
scan  

Categorical:  

• Premenopausal  

• Perimenopausal  

• Postmenopausal  

• Unknown  

Clinical  Y  

  BRCA test result  Categorical:  

• BRCA 1   

• BRCA 2  

• Negative  

• Unknown  

Clinical  Y  

  Prior result of biopsy 

procedure  

Categorical:  

• Lobular carcinoma in 

situ (LCIS)  

• Atypical hyperplasia  

• Hyperplasia (not 

atypia)  

• Prior biopsy result 

unknown  

• No prior biopsy/no 

proliferative disease  

Clinical  Y  

  Family history of breast 

cancer: Relative type  

Categorical:   

• Mother  

• Sister  

• Half-sister  

• Daughter   

• Grandmother  

Clinical  Y  
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• Niece  

• Etc  

  

Numeric (age at diagnosis)  

  Family history of breast 

cancer: Degree of relative  

  

Categorical:   

• First degree only  

• Second degree only  

• At least two first 

degree  

• At least one first 

degree & at least one 

second degree  

• Third degree only  

• No family history  

• Unknown  

Numeric (age at diagnosis)  

Clinical  N  

  Family history of ovarian 

cancer  

Categorical (relative type):   

• Mother  

• Sister  

• Half-sister  

• Daughter   

• Grandmother  

• Niece  

• Etc  

Numeric (age at diagnosis)  

Clinical  Y  

Diagnosis (for 

positive cases 

only)  

        

  Date of diagnosis  Date (mm/dd/yyyy)  Clinical  N  

  Histology  Categorical:   

• Invasive ductal 

carcinoma  

• Invasive lobular 

carcinoma  

Clinical  N  
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• Ductal carcinoma in 

situ (DCIS)  

Imaging          

  Mammographic breast density  Categorical:   

• Fatty  

• Scattered  

• Heterogeneously 

dense  

• Extremely dense  

Imaging  Y  

  MRI Accession Number  Numeric/Integer  Imaging  

  

N  

  MRI Date  Date (mm/dd/yyyy)  Imaging  

  

N  

  Qualitative background 

parenchymal enhancement  

Categorical:   

• Minimal  

• Mild  

• Moderate  

• Marked  

Imaging  

  

N  

 

4.2.2 Data completeness and summary  

Many of the clinical risk factors collected did not exist as structured data in the 

EHR and needed to be derived or manually discerned from free text. This involved reading 

relevant Progress Notes for all 234 individuals. For instance, to collect our risk factor of 

“Family history of breast cancer: Degree of relative”, it was necessary to find a progress 

note which mentions that, read prose text describing the individual’s family history, and 

translate that into the corresponding category such as “first degree only” or “at least two 

first degree”, etc., to be recorded in our data repository. Additionally, we took note of the 

date when the risk factor is recorded into the electronic medical records wherever 

possible, such that we only collect risk factors that were available at the time of the MR 

scan and leave it as “unknown” if it was ascertained after the date of MR scan. For 

instance, if there is a record of biopsy performed after the MR date, we would not collect 

that biopsy result because it would not be relevant at the same time as MRI-based risk 

assessment. 

Due to the unstructured nature of many of these clinical risk factors, they may not 

always be found for every individual, leading to varying levels of completeness across the 
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cohort. Age at MRI scan was an exception; it could be derived from the date of MRI and 

therefore was available for everyone in our study cohort. It therefore became a relevant 

aspect of our work to assess the extent of missingness for these clinical risk factors. Next, 

we present a selection of clinical risk factors and their completeness via pie charts. In the 

tables preceding each pie chart, we report breakdowns of cases and controls. The 

Appendix Section includes two more completeness pie charts: age at menarche and 

family history of ovarian cancer. 

Age at menopause 
Age at menopause was also recorded in free text and may not have been readily 

available for a number of patients in the study cohort. When clinical notes indicate 
postmenopausal with no date of menopause given, the date was inferred as 12 months 
after the last recorded date of menstrual period. 
  Total (n=234) Cases (n=52) Ctrl (n=182) 

Found/Derived  187(80%)  39 (75%)  148 (81%)  

Missing/Unknown  47 (20%)  13 (25%)  34 (19%)  

*All percentages calculated per column and rounded to the nearest whole number 
 

 

 

 

 

 

 

 

 

 

Figure 4.3  

Pie chart for 

distribution of 

age at 

menopause, 

along with 

breakdown for 

positives (Case) 

and negatives 

(Ctrl).  
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Menopausal status at MRI scan 
Similar to age at menopause, this risk factor sometimes needed to be derived 

from a date of onset of menopause by adding 12 months to the date of last recorded 
menstrual period. Close to 60% of the women in the study cohort are premenopausal, 
about 37% are postmenopausal, 1% are perimenopausal, and 3% are unknown. It is 
worth noting that we have observed that women are more commonly categorized as 
premenopausal or postmenopausal.  

  Total (n=234) Cases (n=52) Ctrl (n=182) 

Premenopausal  138 (59%)  35 (67%)  103 (57%)  

Perimenopausal  3 (1%)  -  3 (2%)  

Postmenopausal  86 (37%)  17 (33%)  69 (37%)  

Missing/Unknown  7 (3%)  -  7 (4%)  

*All percentages calculated per column and rounded to the nearest whole number 
 

 

 

 

 

 

 

 

 

Figure 4.4  

Pie chart for 

distribution of  

menopausal 

status at MRI 

scan, along 

with breakdown 

for positives 

(Case) and 

negatives 

(Ctrl). 
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BRCA Test Results 
We found that BRCA testing results were not performed for close to three quarters 

of our study cohort. Common reasons for no BRCA test performed include omittance due 
to non-coverage by insurance, or that several first-degree relatives have tested negative 
and therefore the individual was deemed unlikely to carry a BRCA mutation herself. 
Results of BRCA testing greater than 1 year after the MRI date were ignored (considered 
“Unknown” for our study) because it would be unfair to compare the predictive 
performance of MRI markers to TC risk scores generated using BRCA test results 
available long after imaging. Another benefit of finding BRCA test results for our study 
cohort is the ability to exclude BRCA-positive individuals for subset analysis later in 
Chapter 6. Since a positive BRCA test result mostly outweighs other risk factors, 
excluding them from analysis enables us to focus on those who would benefit the most 
from risk modeling. Moreover, the understanding that tumorigenesis originating from 
BRCA mutation is likely different from those who do not have BRCA mutation further 
warrants separate evaluation of model performance (Grubstein et al., 2018). 

Of 63 patients with testing results in our cohort, 29% tested negative for BRCA 
mutations and 71% tested positive. 

  Total (n=234) Cases (n=52) Ctrl (n=182) 

BRCA 1  28 (12%)  10 (19%)  18 (10%)  

BRCA 2  17 (7%)   5 (10%)  12 (6%)  

Negative  18 (8%)   4 (8%)  14 (8%)  

Missing/Unknown  171 (73%)  33 (63%)  138 (76%)  

*All percentages calculated per column and rounded to the nearest whole number 

 
 

 

 

 

 

 

 

Figure 4.5  

Pie chart for distribution 

of BRCA test results, 

along with breakdown 

for positives (Case) and 

negatives (Ctrl).  
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Prior Biopsy Test Results 
About 85% of the patients in our study cohort are classified as “No prior biopsy/No 

proliferative disease”. Among the 85%, there are also some patients with missing biopsy 
results, but are put into this category because the Tyrer-Cuzick version 8 model does not 
have an option for missing or unknown. Patients with missing biopsy results are 
categorized as no prior biopsy for TC calculation. The remaining is distributed amongst 
various high-risk lesions, each approximately numbering in single digit percentages.  

 

  Total (n=234) Cases (n=52) Ctrl (n=182) 

No prior biopsy/No proliferative disease  200 (85%)  43 (82%)  157 (86%)  

Prior biopsy, result unknown  4 (<2%)  1 (2%)  3 (2%)  

Hyperplasia (not atypia)  6 (3%)  2 (4%)  4 (2%)  

Atypical hyperplasia  20 (9%)  4 (8%)  16 (9%)  

Lobular carcinoma in situ (LCIS)  4 (<2%)  2 (4%)  2 (1%)  

*All percentages calculated per column and rounded to the nearest whole number 
 

 

 

 

 

 

 

 

 

 

 

Figure 4.6  

Pie chart for 

distribution  

of prior biopsy test 

results, along with 

breakdown for 

positives (Case) and 

negatives (Ctrl).  
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Family History of Breast Cancer 
The largest group is for those who have at least one first degree relative and at 

least one second degree relative, making up 31% of the study cohort. Proportionally, the 
proportion with first degree relatives only (25%) is quite similar to second degree only 
(21%).  
  Key  Total  

(n=234) 
Cases 
(n=52) 

Ctrl  
(n=182) 

At least one first degree & at 
least one second degree  

“1st Deg >= one,   
2nd Deg >= one”  

74 (32%)  26 (50%)  48 (27%)  

First degree only  “1st Deg Only, one”  51 (22%)  5 (9%)  46 (25%)  

Second degree only  “2nd Deg Only, >= one”  48 (21%)  13 (25%)  35 (19%)  

Third degree only  “3rd Deg Only, >= one”  6 (3%)  -  6 (3%)  

At least two first degree  “1st Deg, >= two”  10 (4%)  1 (2%)  9 (5%)  

Has no family history  “No Fam Hx”  43 (18%)  6 (12%)  37 (20%)  

Unknown  “Unknown”  2 (<1%)  1 (2%)  1 (<1%)  

*All percentages calculated per column and rounded to the nearest whole number 
 

 

 

 

 

 

 

 

 

Figure 4.7   

Pie chart for 

distribution of 

family history of 

breast cancer, 

along with 

breakdown for 

positives (Case) 

and negatives 

(Ctrl). 
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Table 4.2 summarizes the patient characteristics of the study cohort. Our cohort 

consists of 234 women (median age: 46, range: 22-77)), mostly premenopausal (59%), 

almost three-quarters being heterogeneously or extremely dense (72%) and more than 

half with BPE reported as minimal or mild (63%). BRCA test results were unknown for 

73% of our cohort. Of the 52 women who developed cancer within five years (22%), 26 

were invasive ductal carcinoma, 20 were ductal carcinoma in situ and 6 were invasive 

lobular carcinoma. 

 

Table 4.2 Patient characteristics of the study cohort 
Variable  Categories  Study Cohort  

(N = 234)  
Age at MRI, years    46 (22-77)  

Menopausal status      

  Pre-menopausal  138 (59%)  

  Peri-menopausal  3 (1.3%)  

  Post-menopausal  86 (36.7%)  

  Missing  7 (3%)  

Breast Density *      

  Fatty  7 (3%)  

  Scattered  58 (25%)  

  Heterogeneously dense  114 (49%)  

  Extremely dense  55 (23%)  

Qualitative BPE      

  Minimal  75 (32%)  

  Mild  72 (31%)  

  Moderate  53 (22%)  

  Marked  34 (15%)  

BRCA Test Results      

  BRCA 1  28 (12%)  

  BRCA 2  17 (7%)  

  Negative  18 (8%)  

  Missing  171 (73%)  

Tumor histology      

  Invasive ductal carcinoma (IDC)  26 (11%)  

  Invasive lobular carcinoma (ILC)  6 (2%)  

  Ductal carcinoma in situ (DCIS)  20 (9%)  

  NA (Controls)  182 (78%)  

      

All data reported in count (%) or median (interquartile range). * Density based on MR or 
mammography. 
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Most of the risk factors we collected had good completeness, with BRCA test results 
being the only exception, being unknown in 73% of the cohort. This is somewhat 
expected, due to the fact that BRCA testing is not a standard procedure performed on 
most women who receive cancer screening.  
 
 Collecting this information allows us to 1) calculate TC risk scores ourselves while 
being aware of the extent of data missingness and 2) perform subset analyses through 
selecting patients based on specific characteristics (see Chapter 6. Section 6.3). BRCA 
test results are expected to greatly influence TC risk score calculations for individuals who 
have them. The findings summarized in this chapter gives us an important perspective on 
the availability of BRCA test results when examining risk assessment tools that consider 
this data field.  
 
 In summary, we successfully built a high-quality database which we can leverage 
for the purposes of this dissertation. Clinical risk factor collection was performed to the 
best of our ability, considering the challenges in data collection. From our findings, we 
tabulated the different categories for every clinical risk factor collected and reported the 
extent of missingness. With the available clinical risk factors, we are well positioned to 
calculate TC risk scores to be used for multimodal prediction alongside quantitative 
imaging risk markers in Chapter 6. Before we perform the multimodal work, we need to 
establish the predictive performance of the quantitative imaging risk markers, which is the 
focus of Chapter 5. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



44 
 

Chapter 5 

Quantitative MR imaging markers and cancer risk 

 5.1 BPE as a marker for cancer risk 

  

5.2 Quantitative fibroglandular tissue enhancement MRI markers   

associated with breast cancer risk in a 2005-2021 cohort with cancer 

outcomes (n=234) 

 5.2.1 Methods 

 5.2.2 Results 

 5.2.3 Discussion 

 5.2.4 Conclusion 

 

 In this chapter, we mainly explore prediction of cancer risk using quantitative 

imaging markers. In Section 5.2, we explore the predictive performance of quantitative 

imaging markers with cancer diagnosis within 5 years. This is enabled by having 5-year 

cancer outcomes, with case-cohort sampling to produce a dataset size feasible for 

extracting quantitative imaging markers and performing risk factor lookup, as described 

in Chapter 4. This same cohort will be the basis for much of the work in Chapter 6.  

 

Since our work focuses on predicting future cancer, all the MRI images used are 

negative screening scans. We hypothesize that among all negative scans, those who 

develop cancer in the future may exhibit subtle differences in their imaging markers when 

compared to those who do not develop cancer. These differences may provide early 

indication of pre-cancerous changes in breast tissue, offering a direct, personalized 

reflection of the individual’s biology and cancer risk. 

 

5.1 BPE as a marker for cancer risk 
 

 Background parenchymal enhancement (BPE), which reflects the extent of 

fibroglandular tissue (FGT) enhancement on post-contrast dynamic contrast-enhanced 

(DCE) MR images, has shown promise as an imaging marker of breast cancer risk. 

Radiologists assess BPE qualitatively on DCE subtraction images (first post-contrast 

minus pre-contrast) and maximum intensity projections (MIPs) using the four categories 

of minimal, mild, moderate and marked, in accordance to BI-RADS guidelines (D’Orsi et 

al., 2013). Even though the exact mechanism by which BPE influences breast cancer 

development remains unclear, it is thought that BPE reflects areas of physiologically 

active tissue that responds to hormonal fluctuations. Estrogen is a steroid hormone with 

known histamine-like effects that can cause vasodilation and increased permeability of 

vessels (Zeppa, 1969), and the increased leakage of contrast material by the 

fibroglandular tissue is then observed as increased BPE (C. K. Kuhl et al., 1997). The 

tissue regions with elevated BPE indicate areas of physiologically active breast tissue, 

which are perhaps prone to increased inflammation and provide favorable 
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microenvironments for tumorigenesis (Bhatelia et al., 2014). While further studies are 

needed to explicitly interrogate the biological mechanism linking BPE and risk of breast 

cancer development, studies have established the association between qualitative BPE 

and breast cancer risk, independent of breast density (Arasu et al., 2019; Dontchos et al., 

2015; Hu et al., 2021; King et al., 2011; Telegrafo et al., 2016). 

 

 BPE can also be quantified as a series of metrics that capture the extent of 

enhancement in terms of intensity and volume observed between pre- and post-contrast 

images of a patient’s breast tissue. While there is yet to be a consensus on optimal 

metrics including specific parameters, post-contrast sequence selection, and 

enhancement threshold choice, quantitative BPE metrics have been found to be 

associated with breast cancer risk.  

 

 This chapter describes optimization of quantitative BPE metrics as markers of 

breast cancer risk. In Section 5.2, we derive quantitative BPE metrics and evaluate 

association with future breast cancer outcomes in a screening population of 234 women, 

which after case-cohort sampling described in Chapter 4, includes 52 cases of cancer 

diagnosis within 5 years since the MRI, and 182 controls who do not have cancer within 

that period.  

  

 

5.2 Quantitative fibroglandular tissue enhancement MRI markers associated with 

breast cancer risk in a 2005-2021 cohort with cancer outcomes (n=234) 

 

Extending upon our previous work in Chapter 3 on quantitative markers, we 
explored the efficacy of quantitative BPE markers on a case-cohort sample drawn from a 
larger institutional cohort of women with negative MRI screening scans. While 
mammographic screening is offered to women at average risk of breast cancer, MRI 
screening is reserved for women at increased risk as determined through presence of 
family history and/or personal genetic mutation. Therefore, our study focuses on a higher 
risk cohort rather than patients at average risk. For the study cohort of 234 women, we 
have 5-year follow-up information which enables us to assess the performance of 
quantitative imaging markers to predict cancer diagnosis within 5 years instead of using 
the surrogate of TC risk group in Chapter 3. 
 

5.2.1. Methods for studying the association of Quantitative BPE markers and 

breast cancer risk (n=234) 

 

Patient Population and Clinical Factors 

This study involved patients who underwent breast MRI screening due to being 
considered at elevated risk of breast cancer due to presence of a BRCA mutation, lifetime 
risk of 20% or greater according to Tyrer-Cuzick risk modeling, or family history of breast 
cancer. As outlined in Chapter 4, we began with a larger pool of patients who underwent 
screening between 2005 and 2021, then excluded individuals with a personal history of 
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prior breast cancer and those with cancer diagnosis within 1 year after the screening MRI. 
An enriched case-cohort was created to reduce processing burden while maintaining 
statistical power, which included a total of 234 women: 52 cases diagnosed with cancer 
within five years after MRI and 182 controls confirmed to be negative for cancer based 
on biopsy and 1-year follow-up.  

 

For the 234 patients in our study cohort, we collected the core clinical risk factors 
outlined in Chapter 4, wherever available, from electronic medical records: age at 
screening MRI, age at menarche, menopausal status at MRI, age at menopause if 
postmenopausal, breast density, BRCA genetic test result, personal history of breast 
biopsy, and family history of breast cancer. These clinical risk factors were used to 
calculate 5-year Tyrer-Cuzick lifetime risk scores using the IBIS Breast Cancer Risk 
Evaluation Tool (CharterHouse Square, London, United Kingdom). Missing risk factors 
were treated as “N/A” in the calculator tool.  
 

Image Acquisition and Markers 

 Since our study cohort scans spanned 2005 to 2021, patients were scanned on 

one of the scanners listed below in the Table:  

 

Table 5.1. Breakdown of acquisition scanner systems and cases vs controls for 

the n=234 study cohort 

 

Scanner System Field Strength (T) Cases Controls 

Philips Achieva 3 29 125 

Philips Ingenia 1.5 1 0 

GE SIGNA EXCITE 1.5 14 31 

GE SIGNA HDx 1.5 5 19 

GE SIGNA HDxt 1.5 3 7 

 

 

 The scanner systems involved and their acquisition time periods are as follows: 
Philips Achieva 3T (February 2010 – March 2021), Philips Ingenia 1.5T (October 2019), 
GE SIGNA EXCITE (January 2005 – October 2007), GE SIGNA HDx (October 2007 – 
January 2009), GE SIGNA HDxt (March 2009 – January 2010). Dynamic contrast-
enhanced (DCE) MRI involved one pre-contrast and multiple post-contrast T1-weighted 
scans, with the first post-contrast scan centered at 110 s after contrast injection (0.1 
mmol/kg body weight gadolinium-based contrast agent).   

 

Qualitative BPE assessments were obtained from imaging reports, where BPE 
was assessed by radiologists using DCE subtraction images (first post-contrast minus 
pre-contrast) and maximum intensity projections (MIPs) at the time of clinical 
interpretation, and categorized as minimal, mild, moderate, or marked in accordance with 
BI-RADS guidelines (D’Orsi et al., 2013).  

 

Quantitative BPE derivation methods are the same as in Chapter 3, except that 
Section 5.2 represents a subset of four quantitative metrics, as outlined in Table 5.2. 
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Briefly, custom software developed in MATLAB (R2021b 9.11.0.2358333 Update 7; 
Mathworks, Natick, MA, USA) was used to calculate quantitative markers. Pre-contrast 
DCE images underwent preprocessing to correct for patient motion using 2D affine 
registration and then resampled to isotropic resolution (1×1×1 mm). Image segmentation 
was performed using an open-source deep learning-based algorithm. Volumetric masks 
were generated for FGT and used to derive volumetric metrics for the analysis (Table 
5.2).  

Table 5.2. Quantitative BPE and volume measures calculated for the n=234 study 
cohort. 

 Derivation Formula 

Volume measures  
FGT volume (cm3) # of voxels in FGT mask × volume per voxel 

BPE measures  
Median PE (%) median PE of voxels > 10% within FGT mask 

BPE volume (cm3) # of voxels with PE > 0% within FGT mask × volume per voxel 
BPE:FGT ratio (%) (BPE volume/FGT volume) × 100% 

Integrated intensity (cm3) BPE volume × mean PE 
 

 

Statistical Analyses 

The primary analysis involved logistic regression models to assess the 

associations of individual imaging markers with binary cancer outcome (labeled as “0” or 

“1”) within 5 years, on a 10-fold cross-validation loop. In this initial analysis, a simplified 

approach was taken to analyze the data in the manner of a case-control design, ignoring 

the time-to-event information. To fully utilize the time-to-event information, a more 

complex time-varying weighted Cox regression is required, beyond the scope of this 

dissertation. Performance of predicting cancer outcome status using individual imaging 

markers was assessed using area under the receiver operating characteristic curve 

(AUC). Histograms were used to visually assess the distributions of markers across 

patients. Markers demonstrating right-skewness were log-transformed to reduce 

asymmetry before including them in the models. This part of the thesis document will 

discuss the performance of the quantitative imaging markers and compare them to 

qualitative BPE, while modeling involving TC risk score will be included later in Chapter 

6. 

 

Optimization of Quantitative BPE Marker Calculation  

Since our study cohort’s images were acquired on multiple scanner systems and 

field strengths, there may be concerns over 3T images having more pronounced signal 

intensity and ranges than 1.5T images, ultimately affecting the numerical comparisons in 

instances when cases and controls are of different field strengths. Therefore, instead of 

selecting a single enhancement threshold for the quantitative BPE metrics, we separated 

patients scanned on 1.5T vs 3T and derived optimized thresholds for each field strength 

during every fold of the model training phase. For patients of the same field strength, we 

optimized selection by running all nine thresholds of 10% to 90% for each quantitative 
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BPE measure during model training and selecting one with the highest AUC as the 

optimized threshold to use in the subsequent model testing. In the resulting data frame, 

patients with the same field strength will have quantitative markers set at the same 

optimized threshold in that fold. This is illustrated in a table below showing optimized 

threshold results selected during model training, where rows are color-coded by the 

specific quantitative marker. Note that in this particular fold, for a given marker, for 

instance median PE, the optimized threshold level is found to be 30% at 1.5T, but 60% 

at 3.0T. This optimization strategy allows us to select enhancement threshold levels that 

are best at distinguishing between cases and controls, while reducing the influence of 

field strength since the thresholds are selected separately in the process.  

 

Table 5.3. A sample table of optimized thresholds for quantitative BPE metrics 
selected from a single fold 

 

Field Strength (T) Quantitative Marker Optimized Threshold level 

1.5 

 

 

 

Median PE (%) 30% 

BPE volume (cm3) 60% 

BPE:FGT ratio (%) 10% 

Integrated intensity (cm3) 60% 

3.0 

 

 

 

Median PE (%) 60% 

BPE volume (cm3) 50% 

BPE:FGT ratio (%) 70% 

Integrated intensity (cm3) 10% 

 

 

 

 

5.2.2. Results for studying the association of optimized Quantitative BPE markers 

and breast cancer risk (n=234) 

  

Patient Characteristics and Follow-Up 

 Our study cohort involved 234 women (median age: 46 years, range: 22–77 years), 

of which 52 (22%) developed cancer 1 to 5 years after index MRI with median time to 

diagnosis of 2.7 (range: 1.0 to 4.8) years. The majority of women were pre- or peri-

menopausal (60.3%), did not have a known BRCA mutation (73%), and exhibited minimal 

or mild (63%) qualitative BPE (Table 4.9). The proportion of women with moderate or 

marked qualitative BPE was greater in the cases group (25/52; 48%) compared to the 

controls (62/182; 34%), which aligns with associations of higher qualitative BPE with risk.  
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Table 5.4. Patient characteristics for n=234 study cohort. 

Variable 
Overall Cohort 

(N = 234) 

Age at MRI, years 46 (39, 54) 
  

Menopausal status  
Pre-menopausal 138 (59%) 
Peri-menopausal 3 (1.3%) 
Post-menopausal 86 (36.7%) 

Unknown 7 (3%) 
BRCA mutation  

BRCA 1 28 (12%) 
BRCA 2 17 (7%) 
Negative 18 (8%) 
Unknown 171 (73%) 

Qualitative BPE  
Minimal 75 (32%) 

Mild 72 (31%) 
Moderate 53 (22%) 
Marked 34 (15%) 

All data reported in count (%) or median (interquartile range). 

 

Association between Quantitative BPE metrics and 5-Year Cancer Outcome 

 

The AUCs for univariate modeling of the four quantitative BPE metrics and 

qualitative BPE are as follows: BPE Volume, 0.595; BPE:FGT Vol, 0.622; Integrated 

Intensity, 0.461; Median PE, 0.543; qualitative BPE 0.550. Three out of four quantitative 

BPE metrics performed comparably close or better than qualitative BPE. The ROC curves 

for these are displayed in Figure 5.1. 
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Figure 5.1. Diagnostic performance for predicting cancer diagnosis ≤ 5 years after MRI 

using quantitative BPE markers and qualitative BPE.  

 

 

 

5.2.3. Discussion for studying the association of Quantitative BPE markers and 

breast cancer risk (n=234) 

 Results from our univariate analysis showed that quantitative BPE has a modest 

improvement of classification performance over qualitative BPE. Two markers, BPE Vol 

and BPE:FGT Vol (AUCs 0.595 and 0.623, respectively) are numerically higher than 

qualitative BPE (AUC: 0.55). This generally aligns with findings from studies which found 

that quantitative BPE outperform radiologist-assessed qualitative BPE in associating with 

breast cancer risk (Lam et al., 2019; Niell et al., 2021). A clear advantage that quantitative 

measures have over qualitative ones is that they are less susceptible to inter-rater 

variability, and due to being derived from an image processing pipeline, represent more 

objective and reproducible markers of cancer risk. We believe that quantitative metrics 

derived from voxel-wise changes between pre- and post-contrast captures a far more 

granular measure of fibroglandular tissue state than qualitative assessments of overall 
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enhancement across the entire bilateral breasts. This suggests an opportunity to improve 

conventional risk models by incorporating quantitative BPE markers which may capture 

information about the patient’s tissue biology more directly. Furthermore, since 

conventional risk models do not incorporate imaging-derived information beyond overall 

mammographic density, quantitative markers may provide complementary information to 

the clinical variables included in such risk models.  

 

 There are several limitations to this section of our results. Since our study cohort 

involved women who underwent screening MRI due to being at high risk of breast cancer, 

our findings may limit the generalizability of our findings to a broader population of 

average risk women. Qualitative BPE was assessed manually by multiple radiologists and 

would be more subject to inter-rater viability than if they were assessed by a single reader. 

Additionally, we did not control for menstrual cycle or hormonal therapy which may impact 

BPE levels, since that information was not available to us. 

  

 

5.2.4. Conclusion for studying the association of Quantitative BPE markers and 

breast cancer risk (n=234) 

 

 We investigated the ability of quantitative BPE markers to predict cancer within 5 

years in women who are at high risk of breast cancer. Our findings suggested that some 

quantitative BPE markers were moderately more predictive than qualitative BPE, while 

providing objective, automated assessment. This presents the potential to improve 

conventional clinical risk models by incorporating quantitative BPE markers that may 

provide incremental value. The next steps would involve exploring models that 

incorporate both quantitative BPE and conventional risk model scores, which will be the 

main topic of discussion in the next chapter.    
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Chapter 6 

Multimodal combination of imaging and clinical risk factors (n=234)  
6.1 Methods  

6.2 Results   

6.3 Subset Analyses  

6.3.1 No Known BRCA mutations (n=182)  

6.3.2 Invasive Breast Cancer only (No DCIS) (n=212)  

6.3.3 Pre-menopausal (n= 146) 

6.4 Discussion for multimodal combination of imaging and clinical risk 

      factors 

6.5 Cohort subset analyses for predicting cancer diagnosis within 4 and 3 

                 years 

6.6 Conclusion for multimodal combination of imaging and clinical risk 

                 factors 

   

In Chapter 5 we presented results of cancer risk prediction using imaging markers 

alone. In this chapter, we explore improving cancer risk prediction by combining 

quantitative imaging markers with conventional TC risk scores. An important motivation 

for our work in cancer risk prediction is the incorporation of both imaging and clinical 

variables during modeling. Since TC risk scores are calculated using clinical factors, they 

may potentially provide different but complementary information about an individual’s 

cancer risk. My hypothesis is that combining these with qualitative and quantitative BPE 

markers may result in a more holistic representation of risk that performs better than using 

just the clinically-derived TC risk scores alone.  

 

Section 5.2 involves univariate modeling of quantitative and qualitative BPE, while 

Section 6.2 presents a bivariate, multimodal approach of adding TC risk scores as a 

covariate to each quantitative and qualitive BPE model.  

   

6.1 Methods for multimodal combination of imaging and clinical risk factors 

(n=234)  

 

Patient Population & Image Acquisition and Markers  

As mentioned previously, the cohort used here is the same as presented in 

Chapter 4 and used in Chapter 5. There is a total of 234 women, of which 52 were cancer 

cases that developed within five years from the time of MRI scanning. The proportion of 

cancer development is high due to the case-cohort sampling approach described in 

Chapter 4. A summary of the patient characteristics can be found in Table 5.4.  

 

Based on the work I carried out and reported in Chapter 4, we used the stored 

clinical risk factors to calculate TC risk scores using the IBIS Breast Cancer Risk 

Evaluation Tool (CharterHouse Square, London, United Kingdom). Missing risk factors 

were treated as “N/A” in the calculator tool. Chapter 4 offers a more detailed look at data 
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missingness for the various clinical factors we collected. We used insights from some of 

the clinical factors collected to perform analyses of subsets from the cohort of 234 

individuals.   

 

Since the patient population use here is the same as in Sections 5.2, the image 

acquisition details and quantitative marker derivation are the same as described before.  

  

Statistical Analysis  

The statistical analysis here has a similar approach as in Chapter 5, Section 5.2, 

where logistic regression models are used to assess the associations of individual 

imaging markers with cancer outcome (labeled as “0” or “1”) within 5 years, on a 10-fold 

cross-validation loop. Prediction was performed using univariate and bivariate 

approaches. Univariate models involve qualitative BPE, breast density, TC risk score, and 

four quantitative BPE measures. The univariate prediction results for BPE metrics are 

reported in Chapter 5, Section 5.2, while the multimodal prediction results are reported in 

the current chapter. 

 

Next, we present bivariate, multimodal models incorporating imaging information 

(qualitative BPE, quantitative BPE, density) and clinical information (TC risk score).   

 

Same as before, quantitative BPE metrics were log2 transformed prior to statistical 

analyses. We assessed the association with 5-year breast cancer risk using area under 

the receiver operator characteristic curve (AUC), differentiating women developing 

cancer within 5 years from those without cancer. Logistic regression models leveraged 

TCv8 risk scores, qualitative BPE and quantitative BPE metrics as predictor variables in 

different variants. All numerical data underwent z-score normalization, and all classifier 

variants underwent 10-fold cross validation for hyperparameter tuning. Performance for 

predicting 5-year breast cancer was assessed using the AUC, estimated using 10-fold 

cross-validation. 

 

  Aside from AUC, I also examined model performance through the lens of 

sensitivity and specificity. To evaluate the performance of prediction models for clinical 

implementation, sensitivity and specificity are more relevant metrics. Sensitivity and 

specificity allow for the consideration of false positives and false negatives as tradeoffs 

to balance when evaluating the performance of a model during as part of clinical decision 

making. As an exploratory approach, I investigate sensitivity when specificity is defined 

at 90%, and specificity when sensitivity is defined at 90%. This allows me to compare 

performance across the various multimodal combinations at the referenced levels of 

sensitivity and specificity. In Section 6.2, for simplicity of result presentation, I focus only 

on the full cohort (n=234) and compare sensitivity and specificity between the TC Only 

model and the highest-performing multimodal model by AUC.  
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6.2 Results for Multimodal combination of imaging and clinical risk factors 

(n=234)  

The AUCs for bivariate modeling of the four quantitative BPE metrics and 
qualitative BPE are as follows: BPE Volume, 0.677; BPE:FGT ratio (Vol), 0.673; 
Integrated Intensity, 0.637; Median PE, 0.642; qualitative BPE, 0.674.  

 

Models for two out of four quantitative BPE metrics performed comparably or 
better than qualitative BPE. The ROC curves for these are displayed in Figure 6.1. In 
contrast, univariate prediction in this cohort using TC risk score has an AUC of 0.648. 

 

 

Figure 6.1. Performance of multimodal combination of clinical TC risk scores and 

imaging markers to predict cancer diagnosis within 5 years.  

 

 Since BPE Volume + TC achieved the highest AUC (0.677) out of all multimodal 

combinations, here I compared it against TC Only in terms of sensitivity and specificity. 
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In Figure 6.2, dashed lines in shades of blue pertain to BPE Volume + TC, and dashed 

lines in shades of red pertain to TC Only. When sensitivity is set at 90%, specificities are 

39% and 24.2% for BPE Volume + TC and TC Only, respectively. When specificity is set 

at 90%, sensitivities are 32.7% and 19.2% for BPE Volume + TC and TC Only, 

respectively. The multimodal combination of BPE Volume + TC outperforms TC Only in 

both sensitivity and specificity.  

 
Figure 6.2. Comparing levels of sensitivity and specificity between BPE Volume + TC 

and TC Only, for predicting cancer diagnosis within 5 years. 
 

6.3 Subset analysis  

   

  As part of the multimodal analyses, we performed several subgroup analyses. The 

subgroups were chosen based on known clinical factors expected to influence imaging-

based prediction efficacy. A breakdown of cases and controls for each subset is 

summarized in Table 6.1, and comparison of multimodal modeling predictive performance 

across the subsets is reported in Table 6.2. 

 

 

 

 

 



56 
 

Table 6.1 Breakdown of cases and controls in the whole cohort and subsets  

Cohorts  N  Cases  Controls  

Full Cohort (6.2)  234  52  182  

       No Known BRCA mutation (6.3.1)  182  31  151  

       Invasive Cancers Only (6.3.2)  212  32  180  

       Pre-menopausal (6.3.3)  138  35  103  

 

 

 

Table 6.2 Comparison of multimodal prediction performance across cohort 
subsets: AUC, sensitivities, specificities 

   Full Cohort  
N=234  

No known   
BRCA mutation  

N=182  

Invasive   
Cancer Only  

N=212  

Pre-
Menopausal  

N=138  
 
 
TC Only  

 
AUC (95% CI) 

0.648 
(0.564-0.731)  

0.611 
(0.506-0.715)  

0.609 
(0.501-0.716)  

0.693 
(0.591-0.793)  

Sensitivity at 90% 
specificity 

19.2% 19.4% 25% 37.1% 

Specificity at 90% 
sensitivity 

24.2% 25.8% 17.8% 25.2% 

 
 
Qualitative  
BPE + TC  

 
AUC (95% CI) 

0.674 
(0.596-0.751)  

0.696 
(0.603-0.789)  

0.641 
(0.54-0.742)  

0.718 
(0.626-0.808)  

Sensitivity at 90% 
specificity 

17.3% 22.6% 18.8% 31.4% 

Specificity at 90% 
sensitivity 

30.2% 39.1% 25.6% 29.1% 

 
 
Median PE  
+ TC  

 
AUC (95% CI) 

0.643 
(0.554-0.731)  

0.664 
(0.561-0.767)  

0.656 
(0.558-0.753)  

0.663 
(0.559-0.765)  

Sensitivity at 90% 
specificity 

26.9% 32.3% 15.6% 25.7% 

Specificity at 90% 
sensitivity 

22.0% 35.8% 28.9% 26.2% 

 
 
BPE Volume  
+ TC  

 
AUC (95% CI) 

0.677 
(0.598-0.756)  

0.664 
(0.57-0.757)  

0.613 
(0.507-0.718)  

0.672 
(0.571-0.771)  

Sensitivity at 90% 
specificity 

32.7% 22.6% 18.8% 28.6% 

Specificity at 90% 
sensitivity 

39.0% 34.4% 13.3% 32.0% 

 
 
BPE:FGT  
ratio + TC  

 
AUC (95% CI) 

0.673 
(0.59-0.756)  

0.672 
(0.573-0.769)  

0.575 
(0.458-0.691)  

0.677 
(0.573-0.78)  

Sensitivity at 90% 
specificity 

26.9% 25.8% 18.8% 34.3% 

Specificity at 90% 
sensitivity 

27.5% 25.2% 11.1% 23.3% 

 
Integrated  
Intensity  
+ TC  

 
AUC (95% CI) 

0.638 
(0.556-0.718)  

0.656 
(0.561-0.75)  

0.625 
(0.519-0.731)  

0.679 
(0.578-0.778)  

Sensitivity at 90% 
specificity 

19.2% 12.9% 15.6% 20% 

Specificity at 90% 
sensitivity 

32.4% 31.1% 14.4% 32.0% 
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6.3.1 No Known BRCA mutations (n=182)  

Here we excluded individuals with known BRCA mutation. Since a positive BRCA 

test result outweighs other risk factors from modeling, investigating this subset enables 

us to focus on individuals who will benefit the most from risk prediction; women who have 

negative or unknown BRCA test results. Additionally, it was previously shown that BRCA 

mutation carriers, who are at extremely high risk, tend to paradoxically exhibit lower 

qualitative BPE than non-carriers (Grubstein et al., 2018). Excluding BRCA-positive 

individuals would theoretically reduce instances where the BRCA-driven risk contradicts 

the BPE-level associated risk and improve risk prediction in this subset.  

 

For individuals with no known BRCA mutations, the AUCs for bivariate modeling 

of the four quantitative BPE metrics and qualitative BPE are as follows: BPE Volume, 

0.664; BPE:FGT ratio (Vol), 0.671; Integrated Intensity, 0.655; Median PE, 0.664; 

qualitative BPE, 0.696. Here, qualitative BPE achieved a higher AUC than those of 

quantitative BPE metrics. In comparison, univariate prediction in this cohort using TC risk 

score has an AUC of 0.61.  

 

I compared sensitivities and specificities between TC Only and the combination 

with the highest AUC (0.696), which is qualitative BPE + TC. When sensitivity is set at 

90%, specificities are 39.1% and 25.8% for qualitative BPE + TC and TC Only, 

respectively. When specificity is set at 90%, sensitivities are 22.6% and 19.4% for 

qualitative BPE + TC and TC Only, respectively. The multimodal combination of 

qualitative BPE + TC outperforms TC Only in both sensitivity and specificity.  

 

6.3.2 Invasive Breast Cancer only (No DCIS) (n=212)  

Here we excluded individuals whose cancer diagnosis was ductal carcinoma in 

situ (DCIS) instead of invasive carcinoma. Qualitative BPE associates more strongly with 

invasive cancer than with DCIS (Arasu et al., 2019), possibly due to the fact that DCIS 

tends to more likely manifest radiologically as a non-mass (Rosen et al., 2007). This leads 

us to hypothesize that predicting future DCIS cancer from negative screening scans 

would be especially difficult and therefore focus on predicting future invasive cancer in 

this sub-analysis.   

 

By restricting positive cases to those developing invasive cancers, the AUCs for 

bivariate modeling of the four quantitative BPE metrics and qualitative BPE are as follows: 

BPE Volume, 0.612; BPE:FGT ratio (Vol), 0.575; Integrated Intensity, 0.625; Median PE, 

0.656; qualitative BPE, 0.641. The model for median PE achieved a numerically higher 

AUC than qualitative BPE. In comparison, univariate prediction in this cohort using TC 

risk score has an AUC of 0.608.  

 

I compared sensitivities and specificities between TC Only and the combination 

with the highest AUC (0.656), which is median PE + TC. When sensitivity is set at 90%, 

specificities are 28.9% and 17.8% for median PE + TC and TC Only, respectively. When 
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specificity is set at 90%, sensitivities are 15.6% and 25% for median PE + TC and TC 

Only, respectively. The multimodal combination of median PE + TC outperforms TC Only 

in specificity.  

 

 

6.3.3 Pre-menopausal only (n=138)  

Here we excluded individuals known to be peri- or post-menopausal due to the fact 

that qualitative BPE was found to be more strongly associated with cancer risk for 

premenopausal women than for postmenopausal women (Watt et al., 2020).   

When looking only at pre-menopausal individuals, the AUCs for bivariate modeling 

of the four quantitative BPE metrics and qualitative BPE are as follows: BPE Volume, 

0.671; BPE:FGT ratio (Vol), 0.677; Integrated Intensity, 0.678; Median PE, 0.662; 

qualitative BPE, 0.717. Here, qualitative BPE achieved a higher AUC than those of 

quantitative BPE metrics. In comparison, univariate prediction in this cohort using TC risk 

score has an AUC of 0.692.  

I compared sensitivities and specificities between TC Only and the combination 

with the highest AUC (0.717), which is qualitative BPE + TC. When sensitivity is set at 

90%, specificities are 29.1% and 25.2% for qualitative BPE + TC and TC Only, 

respectively. When specificity is set at 90%, sensitivities are 31.4% and 37.1% for 

qualitative BPE + TC and TC Only, respectively. The multimodal combination of 

qualitative BPE + TC outperforms TC Only in specificity.  
 

 

6.4 Discussion for multimodal combination of imaging and clinical risk factors   
  In examining multimodal prediction of cancer across various cohort subsets, we 
found that quantitative BPE metrics perform as well or better than qualitative BPE in our 
full cohort (n = 234) and invasive-cancers subset (n = 212). This finding helps strengthen 
the point that since quantitative BPE metrics are more objectively derived, they are 
therefore more robust risk markers when compared to qualitative BPE which is more 
susceptible to inter-reader variability. 

 

The second important finding from our results is the incremental value that imaging 
markers hold relative to using clinical TC risk scores alone. Table 6.2 summarizes this, 
showing that for every cohort subset there are models combining imaging and TC risk 
score which outscore the univariate model for TC risk score only. 
 

In the full cohort of 234 individuals, we see that two quantitative BPE models (BPE 
Volume + TC and BPE:FGT ratio (Vol) + TC) perform comparably or better (AUCs: 0.677 
and 0.673, respectively) than qualitative BPE (AUC: 0.674), and all these numerically 
outperform TC Only (AUC: 0.648) despite similarities in confidence interval. This pattern 
is also similarly observed in the cohort subset of 212 women which includes only invasive 
cancers as positives. A quantitative BPE model, median PE + TC (AUC: 0.656), performs 
slightly better than qualitative BPE + TC (AUC: 0.641), and both outperform TC Only 
(AUC:0.608). As reported by others (Lam et al., 2019; Niell et al., 2021) and our own work 
(Surento et al., 2025), quantitative BPE metrics at optimal thresholds have the capacity 
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to outperform qualitative BPE in predicting cancer risk. While the magnitude of 
outperforming is less pronounced in our findings, they nevertheless provide new evidence 
that this may still be true even with the addition of a clinical factor in the form of TC risk 
scores. Even when quantitative BPE metrics perform comparably similar to qualitative 
BPE, they are still favored due to being more reproducible and objective markers than 
manually-assessed qualitative BPE categories. Performance by sensitivity and specificity 
(see Table 6.2 & Figure 6.2) showed that the best-performing multimodal combination by 
AUC, BPE Volume + TC, outperformed TC Only.  

 

In the cohort subset of 182 individuals where BRCA positive women were 
excluded, we observe that models of quantitative BPE + TC model were outperforming 
the univariate TC Only model but did not outperform qualitative BPE + TC. Individuals 
with BRCA mutation have significantly increased cancer risk but also paradoxically can 
exhibit lower qualitative BPE, so it is expected that removing them would produce an 
improvement in qualitative BPE prediction performance. Models of quantitative BPE 
metrics showed a stabilizing effect, where the range of AUC (lowest to highest: 0.655 to 
0.671) is a narrow difference of 0.016. This finding suggests that among women who do 
not have BRCA mutation but develop cancer in the future, quantitative BPE may not have 
captured differences as holistically as qualitative BPE which may include aspects of FGT 
beyond BPE, as well as BPE distribution patterns not captured by the quantitative metrics. 
This subset of 182 women is also the only one in our study where all models of imaging 
(qualitative or quantitative BPE + TC) outperform (AUCs: 0.655-0.696) the univariate TC 
Only model (AUC: 0.61). This illustrates that the presence of BRCA mutation greatly 
influences a person’s risk and the prediction performance of their TC risk score. As 
discussed in Chapter 4, since a BRCA mutation test result commonly override risk scores 
from modeling, this analysis enables us to focus on other individuals who would benefit 
the most from risk modeling; women who have negative or unknown BRCA test results. 
The results generally show that adding imaging markers outperform using TC Only, thus 
further strengthening the value of using imaging markers to supplement TC risk score for 
risk prediction. Performance by sensitivity and specificity (see Table 6.2) showed that the 
best-performing multimodal combination by AUC for this subset, qualitative BPE + TC, 
outperformed TC Only.   

 

In the subset of 212 women with only invasive cancers as positives, the numerical 
difference in AUC between the highest from median PE + TC (AUC: 0.656) and qualitative 
BPE +TC (AUC:0.641) is slightly more pronounced than in the full cohort where the 
difference between the best-performing BPE Volume + TC (AUC: 0.677) and qualitative 
BPE +TC (AUC: 0.674) is marginal. This is perhaps resulting from the fact that the cohort 
with 212 individuals only have invasive cancers as positives where DCIS cases were 
excluded; median PE may potentially associate with non-DCIS future cancers better by 
virtue of their enhancement characteristics. While our finding in this aspect may hint at 
this potential difference, it would need to be validated by future studies which focus on 
investigating the association between specific quantitative BPE metrics and cancer 
subtypes with specific enhancement characteristics. Performance by sensitivity and 
specificity (see Table 6.2) showed that the best-performing multimodal combination by 
AUC for this subset, median PE + TC, outperformed TC Only in specificity but not 
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sensitivity. This suggests that setting a high specificity of 90% results in median PE + TC 
to have a lower sensitivity than TC Only, which means more false negatives and not 
identifying enough future cases. 

 
In the premenopausal subset of 138 women, qualitative BPE + TC achieved the 

highest AUC of 0.717, followed by the univariate TC Only at 0.692. Models of quantitative 
BPE + TC achieved AUCs of 0.662 to 0.678, while not numerically higher than qualitative 
BPE + TC or TC Only. The finding here still suggests that adding an imaging marker 
(qualitative BPE) provides incremental value to improve prediction performance relative 
to TC Only. Performance by sensitivity and specificity (see Table 6.2) showed that the 
best-performing multimodal combination by AUC for this subset, qualitative PE + TC, 
outperformed TC Only in specificity but not sensitivity. This suggests that setting a high 
specificity of 90% results in qualitative PE + TC to have a lower sensitivity than TC Only, 
which means more false negatives and not identifying enough future cases. 

 
Overall, our results suggest that multimodal models generally improve upon 

univariate risk prediction. In the full cohort where there is more variability of patient 
characteristics and cancer subtypes than in cohort subsets, prediction may have 
benefited from synthesizing information from both imaging and clinical factors that explain 
different aspects of an individual’s biology. Cohort subset analyses also demonstrated 
that cohort selection may influence the performance of TC risk score, and different 
imaging markers may excel in different scenarios. The magnitude of marker performance 
in subset analyses were also possibly constrained by the sample size of the full cohort 
from which they are drawn, assuming that larger cohorts contain more diversity of imaging 
and clinical characteristics, potentially conferring more robustness in findings. Information 
from sensitivities and specificities could be relevant for developing clinical applications of 
such prediction models, especially when considering the tradeoffs involving rates of false 
positives and negatives. Using the example of the full cohort of 234 women (see Table 
6.2 and Figure 6.2), in the combination with the highest AUC (0.677), BPE Volume + TC, 
if a 90% sensitivity is prioritized, there may be fewer false negatives, at the cost of possibly 
including more false positives since the specificity is only at 39%. If 90% specificity is 
prioritized, there may be fewer false positives, at the cost of missing positives that get 
mis-labeled as negatives since the sensitivity is only 32.7%. Stakeholders such as 
clinicians, patients, and public health surveillance experts would be relevant to involve in 
deciding an optimized approach if such a model were to be incorporated as a screening 
tool. 
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6.5 Cohort subset analyses for predicting cancer diagnosis within 4 and 3 years 
 

As part of exploratory analyses, I considered the risk predictions for cancer if the 
window for diagnosis were something other than 5 years. It is worth mentioning that when 
I also investigated prediction for 4 and 3 years, the cohort sizes were different from 
predicting 5-year cancer risk. For instance, someone who had cancer diagnoses at a later 
time point such as 4.5 years would not be considered as positive when predicting 3-year 
cancer risk because the cancer diagnosis is outside of the 3-year window. There was the 
option to either classify that individual as a negative within the 3-year window, or remove 
the individual entirely from the cohort. For the purposes of the exploratory analysis, I 
chose the latter to avoid any likelihood of including potential early tissue changes to be 
among the negatives. While the former option could be explored, they were not carried 
out and could be attempted for future work. Table 6.3 summarizes cohort size differences 
across subsets used for predicting each year of cancer risk. Figures 6.3 to 6.6 illustrate 
the AUC scores of each multimodal combination model across 5-, 4- and 3-year risk 
prediction. 
 
 
Table 6.3 Cohort differences across prediction years of cancer risk 

  Full Cohort  

 

5-year cancer risk Cases 52 (22.2%) 

Controls 182 (77.8%) 

Total 234 (100%) 

4-year cancer risk Cases 43 (19.1%) 

Controls 182 (80.9%) 

Total 225 (100%) 

3-year cancer risk Cases 33 (15.3%) 

Controls 182 (84.7) 

Total 215 (100%) 

  
Multimodal combinations involving quantitative BPE metrics generally trend 

towards better AUC performance across the years of cancer risk. AUC values at 5-year 
cancer risk are higher than those at 4-year cancer risk, which are in turn higher than those 
at 3-year cancer risk. Qualitative BPE + TC deviates from that trend slightly, with 4-year 
cancer risk prediction performance being higher than at 5-year cancer risk. This was not 
an expected outcome, warranting further investigation to better understand the underlying 
reason. One hypothesis is that it may have to do with the differences between qualitative 
and quantitative BPE: qualitative BPE is a holistic assessment of enhancement that 
differs from the quantitative BPE metrics which are intended to capture individual aspects 
of enhancement. In order to better validate that line of thinking, it would require having 
sequential screening MRI scans for several years leading up to the cancer diagnosis for 
positives as well as for controls. Investigating qualitative and quantitative BPE for all those 
time points may potentially provide a clear progression of how these enhancement 
measures change during every year leading up to the cancer diagnosis as well as for 
those who do not develop cancer. Additionally, as shown in Table 6.3, the cohorts differ 



62 
 

at 5-year, 4-year, and 3-year cancer risk prediction, including number of positive cases, 
which may also influence model prediction performance.   

 

 
Figure 6.3. Performance across 3-year, 4-year and 5-year cancer risk prediction. 
  

 
 
 
6.6 Conclusion for multimodal combination of imaging and clinical risk factors  

 

In this chapter, I report findings that support the hypothesis of multimodal risk 
prediction outperforming univariate TC Only prediction. Through exploring various cohort 
subset strategies, I also show that quantitative BPE + TC outperforms qualitative BPE + 
TC in some cases and outperforms TC Only in most cases. My work contributes to the 
effort to show that multimodal approaches can better represent an individual’s biology 
and provide incremental improvement of risk prediction over using clinical risk score 
alone. With this cohort, multimodal models showed numerical advantage in AUCs over 
univariate ones, albeit not overwhelming improvements in prediction accuracy. With that 
in mind, we are well positioned to further discuss the limitations of our study and explore 
future directions both for the project and the field. 
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Chapter 7 
Conclusion and Future Work 

 
 7.1 Limitations of this dissertation work 

7.2 Next steps for this work 
  7.2.1 Short-term next steps 
  7.2.2 Long-term next steps 
 7.3 Next steps for the field 
 7.4 Contributions of this dissertation 
 
 

This chapter will begin by addressing the limitations of our work, in Section 6.1. 
In Section 7.2, I discuss the next steps for this dataset, separating them into short-term 
and long-term goals. In Section 7.3, I offer some opinions on what may be next for 
similar work in the field that is also within the context of multimodal risk prediction. 
Lastly, in Section 7.4, I conclude with the contributions that this dissertation makes 
towards clinical and biomedical informatics research. 

 

 

7.1 Limitations of this dissertation work 

  

 There were several limitations for our main work in Chapters 5 and 6. Our study 
cohort involved women who are at high risk of developing cancer, thus limiting the 
generalizability of our findings to the larger population of average-risk women. Our 
research is limited to MRI markers and does not directly apply to mammography. There 
are clinical trials such as the EA1141 (Kuhl et al., 2023) and DENSE Trial (Bakker et al., 
2019) studies which perform supplementary MR screening for women who have 
mammographically dense breasts, which may include average-risk women. However, 
these studies investigated cancer detection instead of predicting future cancer, thus 
serving different purposes from our work. Future work predicting cancer risk in average-
risk women would have to leverage imaging markers derived from mammographic 
imaging since that is the conventional screening modality for the average-risk population. 
 
 Our work could also have been strengthened by garnering a larger study cohort. 
As mentioned in Chapter 4, choosing a larger sampling percentage would benefit 
statistical power, but also demands more time and effort to collect clinical risk factors and 
derive quantitative metrics for more patients. One way to ensure a larger sample size 
would be to begin with a multi-institutional dataset which would introduce more cancer 
positive cases. This approach comes with its own challenges and opportunities, which I 
will discuss in Section 7.2.2 as part of long-term next steps. Another factor that also 
affected our final study cohort size was the loss of patients due to technical failures in the 
intermediate steps of our image processing pipeline; roughly estimating about ten 
additional positive cases and also ten more controls. The failures were often caused by 
variabilities in image quality or file conversion for older exams. The loss of patients due 
to processing failures may be remedied by either future attempts at salvaging images 
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using specialized open-source tools or finding replacement patients who also satisfy the 
eligibility criteria as those who are lost. It is worth noting that this issue is not unique to 
our work; all studies leveraging medical image data acquired over many years would have 
to contend with the challenge of variable data quality. 
 
 As pointed out in Chapter 5, our MR images were acquired on multiple scanner 
systems and field strengths. Differences in scanner magnetic field strength may lead to 
differences in image intensity values especially in the case of pre- and post-contrast 
changes in enhancement. This ultimately affects the magnitude of signal change which 
we calculate as part of quantification of BPE and influences the selection of enhancement 
thresholds. In Chapter 5, rather than selecting a single threshold for enhancement, we 
derived optimized thresholds for each field strength during every fold of the model training 
phase. Our approach is intended to reduce the influence of field strength differences on 
threshold selection of image markers and ultimately, marker prediction performance. 
There is a possible limitation in that our approach may depend on the training fold sample 
size and therefore would need to be validated in different datasets. Alternatives to our 
approach of operating with imaging marker values would involve image normalization 
methods such as RAVEL (Fortin et al., 2016) or ComBat (Fortin et al., 2017), seen in 
other multi-scanner studies. Future work that involves images from multiple field strengths 
would be strengthened by comparing various image data harmonization approaches. 
 
 Our study is also limited by the missingness of specific clinical risk factors. This 
missingness may stem from the inherent lack of data availability such as low rates of 
BRCA testing performed on even high-risk women. Our findings in Section 6.3.1 
illustrated that the presence of BRCA1 or BRCA2 mutation greatly increases an 
individual’s TC risk score. If BRCA test results are hypothetically present for all individuals 
in our study cohort, we would be assured that every person’s TC risk score is calculated 
using the same availability of that risk factor. Considering every individual has different 
clinical necessities and healthcare coverage, providers likely make different care 
decisions for each person regarding testing and intervention, which includes whether to 
offer BRCA testing. For the specific example of BRCA testing result availability, it is 
perhaps acceptable to acknowledge that some clinical risk factors are unavailable since 
they were not necessary to capture as part of clinical care. Therefore, when using risk 
assessment tools, one should not assume that risk factor completeness is uniform across 
individuals.  The performance of risk assessment tools is then also inherently influenced 
by the availability of clinical data; a risk score calculated using only age as input will not 
perform the same as a risk score calculated using multiple risk factors. Another source of 
data missingness may also stem from human error and the limitations in my approach to 
chart reviews, potentially missing some risk factors that were indeed present in the 
medical records. For every clinical risk factor, we are limited by the quality of relevant key 
search terms used, as well as the navigational proficiency to find relevant notes or reports 
that hold the desired information. While every effort was made to familiarize myself with 
the medical records environment and work with research staff who have experience with 
record lookups, it is fair to acknowledge that the lookups may not have been perfectly 
comprehensive. A potential way to improve data collection would perhaps involve 
soliciting guidance from experienced providers routinely involved in using such risk 
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assessment tools as to the best methods to find specific risk factors in the medical record. 
Once the same progress notes have been identified, consistency of information extraction 
can be evaluated by using multiple readers to conduct lookup and assess kappa 
coefficients to compare how the readers differ in their assessment of the notes. 
 
 
7.2 Next steps for this work 
 
7.2.1 Short-term next steps 
 Now we will offer several short-term next steps that are meant to be feasible in 
the near future. They are roughly divided into those that involve expanding the current 
study cohort sample, and those that do not require that expansion. 
 
 Without changing the study cohort, one can explore different ways to refine the 
image processing. Imaging data harmonization approaches such as RAVEL (Fortin et al., 
2016) or ComBat (Fortin et al., 2017) can address image intensity differences that may 
be caused by multiple scanner systems as well as different field strengths. This would 
likely impact quantitative BPE markers and by extension, their performance in predicting 
5-year cancer. This would also potentially result in different optimal enhancement 
thresholds for each of the quantitative BPE markers. This aligns with the fact that there is 
currently no universally agreed approach to set an enhancement threshold (Lam et al., 
2019; Niell et al., 2021). While harmonizing data at the image level may not entirely 
eliminate the issue of variation in optimal thresholds, it would offer a more standardized 
way of harmonizing data that is less susceptible to sampling biases of any specific 
dataset.   
 

Alternatively, one can also investigate using different image data to derive 
quantitative BPE through selecting a later post-contrast image acquisition in the dynamic 
contrast-enhanced sequence such as in Niell et. al. instead of using the first post-contrast 
phase as we have done. While Niell et. al. (Niell et al., 2021) did not find significant 
differences in predictive performance of quantitative markers derived from different post-
contrast phases, this aspect remains underexplored and it is still unknown whether there 
is a particular post-contrast phase that is best for generating predictive quantitative 
markers.  

 
Another additional step for statistical analysis would be to apply a more complex 

analysis approach using time-dependent risk modeling such as Cox regression. This 
would provide the proportional hazards of each marker’s association with new cancer. 
This is possible to do since the date of diagnosis for positives and date of last follow-up 
for controls are available for our study cohort. The current analysis approach simply 
predicts the presence or absence of a cancer diagnosis within 5 years, but does not 
account for the time-to-event aspect in the prediction using each marker. This would be 
an interesting short-term step for this project. 

 
Apart from the core clinical risk factors we selected for our study, future work could 
explore adding other clinical risk factors pertaining to the individual’s biology. Specifically, 
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this would include the woman’s age at first live birth of an offspring, and hormone-related 
therapies either for cancer risk reduction or for management of menopausal symptoms. 
Since the age at first live birth is incorporated into Tyrer-Cuzick, Gail and BCSC models 
(Cintolo-Gonzalez et al., 2017a), obtaining this information would enable us to produce 
risk scores using these models in the future. We did not have the opportunity to include 
these risk factors in our lookup because of the significant additional time it would involve, 
therefore making them appropriate goals to explore in the long-term. Information on an 
individual’s previous pregnancies and deliveries are recorded in progress notes that are 
not often associated with breast cancer screening, so finding them for our entire study 
cohort would entail a non-trivial effort. History of personal use of hormone-related therapy 
will also be difficult to collect, especially since it would involve information such as dosage 
and duration, which are anecdotally found to have sporadic completeness. Age at first 
live birth and use of hormone-related therapies are risk factors that provide information 
for an individual’s hormonal exposure, influencing both cancer risk score and 
fibroglandular tissue biology. These risk factors may also have a moderately high degree 
of missingness while expected to offer a limited amount of improvement in prediction 
performance, therefore not prioritized during our risk factor lookup.    
 
 
7.2.2 Long-term next steps 
 
 Looking further ahead, there are several other possible directions to extend the 
research in this dissertation. I classify these as long-term goals due to the significant 
amount of work that would be involved, as well as natural extensions that answer 
different questions from what we have done.   
 
 There are also opportunities that may be taken in the aspect of the study period. 

Through continued follow-up, we can obtain cancer outcomes for more screening 

patients, thereby increasing the pool of patients eligible to be added to our study cohort. 

This would entail risk factor lookup and quantitative marker derivation for every new 

patient but would strengthen the study from a sample size aspect. This may potentially 

improve predictive performance of both clinical risk models as well as quantitative 

markers by virtue of data recency. With regards to clinical data, newer records are in 

theory easier to find and collect, potentially leading to improved data completeness. With 

regards to imaging data, newer acquisitions are likely to be more standardized in field 

strength and acquisition parameters, potentially having less heterogeneity in data quality. 

Another added benefit from having a longer study period would be the opportunity to 

explore year-by-year predictions for more years, enabling us to observe whether different 

combinations of variables are more predictive at different time scales. As a woman’s BPE 

may experience fluctuations around the time of menopause (King et al., 2012; Okuma et 

al., 2024), the predictive performance of enhancement-derived markers may also change 

accordingly, in addition to increasing risk of developing cancer with age. 

 

 Another future possibility would be to involve imaging sequences beyond DCE, 

such as diffusion-weighted imaging. Diffusion-weighted MRI markers have been found to 
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detect malignancies as a screening tool (Amornsiripanitch et al., 2019), differentiate 

malignant and benign lesions (Partridge et al., 2010), and predict neoadjuvant treatment 

response (Partridge et al., 2018), but there is still valuable opportunity in assessing their 

ability to predict cancer development. Diffusion-weighted MRI provides insights into the 

tissue microstructure, thus supplying information that is different from DCE and potentially 

useful for early detection of changes in cellular environment prior to cancer development. 

While the main results of this dissertation in Chapters 5 and 6 leveraged DCE images for 

quantitative BPE metrics, our publication (Surento et al., 2025) described in Section 3.1 

involved markers derived from diffusion-weighted imaging. We did not find that diffusion-

weighted imaging measures such as BPS and ADC metrics to be associated significantly 

with TC risk group, while considering that we were limited by a modest sample size of 77 

individuals and lack of 5-year cancer outcomes. Performing a similar multiparametric 

investigation of cancer risk for the full study cohort would be of high scientific interest, but 

also would require substantial additional effort to process diffusion-weighted image data 

and perform quality control of segmentation masks and derived measures, making this a 

long-term goal.  

 

 Another potential long-term next step for this project would be to validate the 

findings by using multi-institutional data. The current dissertation work utilized data from 

a single institution, and a future iteration could be strengthened by including data from 

more than one institution from the beginning. The same exclusion criteria and case-cohort 

sampling may potentially be applied the same way but starting with a much larger pool of 

patients. Besides a boost in sample size, the findings from a multi-institutional study will 

likely be more robust and generalizable compared to a single-institutional study. The 

challenges of a multi-institutional study are not trivial and would include but not be limited 

to: differences in clinical data quality between the institutions, differences in image data 

acquisition parameters, a larger volume of work and effort needed to extract imaging 

markers and perform clinical risk factor lookup, larger computational and storage needs 

to accommodate the larger volume of data, and the creation of safe data handling 

principles to protect patient privacy amidst cross-institutional data sharing. 

 

 While this dissertation has focused on the prediction of first cancer within 5 years 

of the screening MRI, another direction to explore would be to predict recurrent cancer 

within some time after a specific screening MRI. This would represent an entirely different 

topic of investigation, as the presence of a prior cancer diagnosis may nullify the validity 

of including scores from risk assessment models designed to predict first breast cancer. 

It would likely involve different cohort selection criteria and data collection options. The 

same clinical risk factors may perhaps still be relevant, just not for the purpose of 

calculating a risk score using a risk assessment model. Predicting recurrent cancer will 

probably involve markers extracted from pre- and post-treatment image data, alongside 

new risk factors involving lesion characteristics and therapy information such as duration 

and dose. An obvious image processing challenge would involve the usage of post-

operative breast scans that show missing tissue after surgical resection. Downstream 
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processing steps such as image segmentation and marker quantitation workflows would 

need to be trained to recognize the resected regions as abnormal and avoid mislabeling 

them as tumors. Similar to predicting first cancer, the motivation of predicting risk of 

cancer recurrence would also be for tailoring surveillance strategies and improved 

planning of intervention strategies such as prescription of risk-reducing medication or 

surgical interventions. While beyond the scope of this dissertation, prediction of recurrent 

cancers could be a valuable new direction for investigation.  

 

 

7.3 Next steps for the field 

 

 Building on what we have learned from our dissertation work, we would like to offer 

several possible directions for future studies in the field of multimodal risk prediction of 

disease.  

 

There have not been many studies that leverage screening MRI to predict risk of 

cancer development. In the most relevant study to date, Portnoi et al. developed an MRI-

based image-only model which used a 2D maximum intensity projection (MIP) images, 

combining the highest-intensity voxel of every slice into one, to predict a binary outcome 

of cancer diagnosis or absence status within 5 years, comparing its performance with 

Tyrer-Cuzick and a logistic regression model incorporating traditional clinical risk factors 

and qualitative BPE (Portnoi et al., 2019). Training and testing were performed with 10-

fold cross validation on 1656 MR images from 1183 unique patients. They found that the 

image-only deep learning model (AUC: 0.638) outperformed both the risk-factor-logistic-

regression (AUC: 0.558) and Tyrer Cuzick (AUC: 0.493) models. Strengths of this study 

include the substantial training dataset size of MR images, practical handling of 

converting 3D MR images to 2D MIP projections, and the result demonstrating image-

only is capable of predicting cancer risk well. While this study did not combine clinical risk 

factors and medical images, it serves as an example of using MRI instead of 

mammograms for cancer prediction. The three-dimensionality of MR images presents 

both opportunities and challenges; it preserves the rich local-level imaging features for 

models to learn from, while model training that involves 3D data will also be more 

computationally expensive than models learning from 2D data. Notwithstanding, an ideal 

direction for the field would be to develop a multimodal cancer risk prediction model which 

leverages a combination of 3D MRI and clinical risk factors. Based on the findings in my 

dissertation, it is my expectation that such an approach would outperform current models 

that collapse 3D images into 2D.     

 An important precursor of multimodal work would be a better integration between 

the disparate databases that store imaging and non-imaging clinical data. While this is 

not advocating to change the current configuration of keeping imaging and other clinical 

data separate, it would be a call to an intermediate portal or environment that is connected 

to both and allows for a quick query for both data types. This would empower a multimodal 

risk prediction tool to be used during a clinic visit, allowing for shared decision-making 
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between provider and patient regarding personal cancer risk. The challenge would be to 

have a computational infrastructure that allows for on-demand running inference on 

imaging and clinical data. Alternatively, even if it is not real-time, such multimodal risk 

inference may be performed before the clinic visit and discussed later.  

 

 Another important future direction for the field, which may arguably be relevant for 

any new advances, is the need for external validation of predictive model performance. 

Regardless of what form of future prediction is involved, findings discovered using single-

site institutional data will always need to have their robustness tested by applying to an 

external dataset. This ensures that the inferences of such findings are reproducible using 

other datasets and not simply an artifact of the inherent biases of regional population 

sampling. One of the significant learnings from the work done in this dissertation is the 

reality of real-world clinical data, rife with variable quality and missingness. Any new 

predictive model needs to be able to withstand the test of heterogeneity and 

incompleteness for it to be robust to be deployed on new prospective data which may 

harbor new variations and challenges.  

 

 While beyond the scope of this dissertation work, an impactful future direction for 

cancer risk prediction modeling would be to develop a clinical decision support tool. The 

example alluded to in our dissertation work would be for better stratification of women 

who are considered to be at high risk of cancer; enabling consideration of de-escalation 

or escalation of screening and intervention strategies. Implementation of a clinical 

decision support tool certainly needs to involve stakeholders in the design, development 

and deployment phases. One of the important technical considerations would revolve 

around defining acceptable prediction performance for the tool to have clinical utility. For 

instance, as summarized in Table 6.2, selecting specific cutoffs for specificity will result 

in a corresponding sensitivity and vice versa, prompting conversations around the tradeoff 

of balancing high sensitivity and high specificity to differing extents. In a cancer screening 

scenario, this would involve weighing the consequences of false negatives where cancers 

are missed, or false positives where additional procedures may be prescribed but not truly 

needed..  

 

 

 

7.4 Contributions of this dissertation 

 My contributions can be viewed from two different perspectives: clinical and 

biomedical informatics. 

 

 From the clinical perspective, conventional risk assessment models are standard-

of-care in breast cancer screening. The first clinical contribution of the work in this 

dissertation is improving the prediction performance of a conventional risk assessment 

model by incorporating imaging markers. Conventional risk assessment markers 

leverage risk factors that may be commonly used to group patients on a population level, 
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while imaging markers offer a direct reflection of the individual’s biology at a specific point 

in time. There is yet potential to involve other imaging markers from different modalities, 

or variations on quantitation using DCE images commonly used in breast MRI screening.  

 

 The second clinical contribution of our work is making a step towards personalizing 

care for women already considered to be at high risk of cancer. A future iteration of a 

multimodal risk prediction model may be used to provide risk information to be used by 

physicians in better taioring screening and intervention strategies. There is opportunity to 

identify individuals at the lower end of the high-risk spectrum and offer a de-escalation of 

screening perhaps by decreasing the screening frequency from annual to biannual. For 

individuals identified as being at the higher end of the high-risk spectrum, escalation 

options might be considered, such as prescription of risk-reducing aromatase inhibitors 

or selective estrogen receptor modulators (SERMs).  

 

 From a biomedical informatics perspective, our work has demonstrated the value 

of using quantitative imaging markers in the use of cancer risk prediction. Improving the 

prediction performance of a conventional risk assessment tool implies that there may be 

subtle differences in the screening MRIs of individuals who will eventually develop cancer 

and those who will not. This potentially opens the possibility of developing other 

quantitative imaging markers that capture those differences better, which may be used 

as more impactful markers to predict cancer risk and stratify patients.  

 

 The second contribution towards informatics work is the construction of a clean, 

reusable dataset of clinical risk factors that may be leveraged in other studies. We 

identified core risk factors that may significantly affect an individual’s risk and may be 

reused to generate risk scores using other risk assessment models. Furthermore, the 

database design of which risk factors to collect may also serve as a guide for future work 

aimed at risk prediction. While the exact risk factors may be different for applications in 

predicting other diseases, principles surrounding the need to use risk factors adjacent to 

the time of imaging may be important and transferable. This is especially relevant for the 

intent of developing a risk prediction model that can be run prospectively in a new patient 

whose medical information may be limited.  

 

 The central hypothesis of this dissertation is that combining imaging and clinical 

risk factors will produce better prediction performance than using either alone. We have 

shown that imaging markers can improve the performance of a conventional risk 

assessment tool in predicting cancer risk.  
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