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Abstract

Diffuse Optical Tomography Imaging of Chemotherapy-Induced Changes in Breast Tissue

Metabolism

Mirella Lorrainy Altoé

Breast cancer is fast becoming the leading cause of mortality in women worldwide. As of

this year, there are more than 3.1 million women with a history of breast cancer in the U.S., and

about 41,760 women are expected to die from this disease. Neoadjuvant chemotherapy (NAC)

has become a well-established therapy in the treatment of patients with locally advanced or pri-

marily inoperable breast cancer. It consists of 3-9 months of drug treatment to shrink the tumor

size before surgical removal of any remaining mass. A pathological complete response (pCR) is

defined as complete disappearance of the tumor before surgery and correlates with 5-year overall

survival of the treated patient. However, only 15-40% of subjects who undergo NAC will achieve

a pCR, while the remaining patients do not benefit from a therapy that has considerable side ef-

fects. In this Ph.D. thesis, I explore the potential of diffuse optical tomography (DOT) for breast

cancer imaging and NAC monitoring. The overall objective is two-fold. First, I seek to identify

breast cancer patients who will not respond to NAC shortly after the initiation of a 5-9 months

therapy regimen. Identifying these patients early will allow a switch to a more promising therapy

and avoiding months of ineffective therapy with a drug regimen that has considerable side effects.

Second, I use the optical data simultaneously obtained from the contralateral, non-tumor bearing

breast to better understand the factors that modulate breast density and the source of its contrast



in DOT. This work analyzed DOT data from 105 patients with stage II-III breast cancer under

NAC regimen. Data processing and image analysis protocols were developed to more effectively

evaluate static tissue contrast and dynamic functional imaging of the breast. Notably, we observed

that there are differences in the time evolution of DOT features between pCR and non-pCR tu-

mors under NAC, and DOT features can contribute to the successful prediction of pCR status from

pretreatment imaging. Lastly, our analysis demonstrated a positive correlation between DOT fea-

ture and mammographic density classification, which could lead to research on the potential use

of DOT as a predictor of breast cancer as well as an assessment tool to longitudinally evaluate

the efficacy of chemoprevention strategies. These findings represent important steps towards the

translation of DOT into current clinical workflow to contribute to better-personalized breast cancer

therapies and breast cancer risk management.
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Chapter 1: Introduction and Background

1.1 General goals and speci�c aims

Breast cancer is fast becoming the leading cause of mortality in women worldwide. As of this

year, there are more than 3.1 million women with a history of breast cancer in the U.S., and about

41,760 women are expected to die from this disease [1]. In 2010, the cost of treating breast cancer

was about $16.5 billion in the U.S. alone, higher than any other type of cancer. This is expected

to increase to $20.5 billion by the end of 2020 [2]. Given the substantial impact on women and

the overall society, the last 30 years have seen substantial efforts towards a better understanding of

the fundamental causes of breast cancer, as well as new and ef�cient ways to diagnose, treat and

monitor the disease.

Medical imaging has long been an important part in diagnosing and monitoring breast cancer

[3] X-Ray mammography is still considered to be the gold standard for the early detection. It

has been shown that recently introduced digital breast tomosynthesis can increase the diagnostic

accuracy of mammography and is now increasingly used for the assessment of suspicious mammo-

gram �ndings [4]. Other modalities, such as ultrasound and contrast-enhanced magnetic resonance

(MR) imaging are also employed in the diagnostics, staging and follow-up of breast cancer. New

breast imaging modalities, such as contrast-enhanced spectral mammography, diffusion-weighted

MR imaging and MR spectroscopy are currently investigated for their potential to further improve

breast cancer diagnostics [5–7]. However, these new imaging methods are not yet routine used in

the clinical setting, and further studies are necessary to prove their advantages

In this PhD thesis, I explore the potential of diffuse optical tomography (DOT) for breast cancer

imaging. The overall objective is two-fold. First, I seek to identify breast cancer patients who

will not respond to neoadjuvant chemotherapy (NAC) shortly after the initiation of a 5-9 months
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therapy regimen. Identifying these patients early will allow a switch to a more promising therapy

and avoiding months of ineffective therapy with a drug regimen that has considerable side effects.

Second, I use the optical data simultaneously obtained from the contralateral, non-tumor bearing

breast to better understand the factors that modulate breast density and the source of its contrast in

DOT. By investigating treatment-induced changes in the non-tumor-bearing breast, I will be able

to expand our research on tumor monitoring, to the area of breast-cancer risk assessment. To reach

these overall goals, I have pursued the following speci�c aims.

Speci�c Aim I: Development of new data processing and image analyses protocols to

more effectively evaluate static tissue contrast and dynamic functional imaging of the

breast.

Rationale:Currently available codes suffer from long and inef�cient processing times.

Frequent intervention by the programmer is necessary to obtain reliable results.

Approach: New pre- and post-processing algorithms are proposed that allow for an

automated assessment of static tissue contrast and dynamic functional imaging. Using

a MATLAB GUI interface, I added important tools to automate data selection, data

�ltering and mesh creation. Furthermore, I developed new ways for visualization of

the reconstructed images and tumor selection. This allows for better tracking hemo-

dynamic feature changes over time, and simpli�es feature extraction. Standardization

for individualized meshes and data-set selection protocol were also implemented that

allow for more accurate longitudinal and inter-patient analyses.

Impact:Employing the new analyses tools enables the operator to more easily identify

areas of increased in�ammation linked to malignant breast tumorigenesis. Quanti�-

cation of chemotherapy-induced changes in breast metabolism can be performed in a

fraction of the previously required time.

Speci�c Aim II: Conduction of a clinical study for monitoring breast cancer NAC for

tumor feature selection and construction of a model to predict the odds of a patient not
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having a complete pathological response to NAC.

Rationale: NAC has become a well-established therapy in the treatment of patients

with locally advanced or primarily inoperable breast cancer. It consists of 3-9 months

of drug treatment to shrink the tumor size before surgical removal of any remaining

mass. A pathological complete response (pCR) is de�ned as complete disappearance

of the tumor before surgery and correlates with 5-year overall survival of the treated

patient. However, only 15-40% of subject who undergo NAC will achieve a pCR,

while the remaining patients do not bene�t from a therapy that has considerable side

effects. Therefore, predicting pCR early in the therapy is of great clinical interest

to avoid ineffective treatment. If non-pCR patient could be identi�ed early, therapy

approaches could be changed.

Approach: In this retrospective study, NAC-induced total hemoglobin (ctTHb) dy-

namic changes, water percentage and lipid in the breast tumor region of 105 patients

will be evaluated for different chemotherapy drug combination, tumor subsets and

menopausal status. From the acquire data, I will extract optical features and combine

with pathological and patient information to model the odds of a patient not having a

complete pathologic response to NAC at the beginning of the regimen.

Impact: Designing a model to predict the odds of a patient not having a complete

pathological response to NAC. Identifying these patients early will allow a switch to a

more promising therapy and avoiding ineffective therapy with a drug regimen that has

signi�cant side effects.

Speci�c Aim III: Investigation of chemotherapy-induced changes in the contralateral,

non-tumor bearing mass, and quanti�cation of the breast tissue composition to provide

a comparable optical-based image index of mammographic breast density.

Rationale: In recent years, several groups have shown evidence that optical based

imaging modalities may play an important role in assessing breast tissue composition
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by measuring optical property contrast from endogenous chromophores. The advan-

tages of optical techniques are the use of non-ionizing radiation, ease of use, and

relatively low cost. Our team developed a so-called diffuse optical tomography breast

imaging system (DOTBIS) which does not require the use of contrast agents or com-

pression, and enables imaging of the whole volume for both breasts simultaneously

using low intensity near infrared light capable to measure tissue concentration of oxy-

hemoglobin (2C$2�1 ), deoxy-hemoglobin (2C��1 ) and water percentage.

Approach:I hypothesize that diffuse optical tomography imaging provide quantitative

measurements of tissue functional components, such as2C$2�1 , which is directly

related to tissue metabolism and vascular characteristics, and could be correlated to

mammographic breast density, a known imaging biomarker of breast cancer risk.

Impact: There is a signi�cant association between2C$2�1 , measured by DOTBIS,

and mammography breast density and this measurement is modi�able with potential

use as an imaging marker of breast cancer risk with the advantage of being 3D quanti�-

able, less dependent on accurate to positioning allowing for serial exams and without

exposure to ionizing radiation.

1.2 Breast Biology

The human breast, Figure 1.1, is a modi�ed skin gland comprised of skin, super�cial fascia,

breast parenchyma, nipple-areola complex and deep fascia [8]. The skin is the most super�cial

layer of the breast. Right beneath the skin is the super�cial fascia that envelops the breast and is

continuous with the super�cial abdominal fascia [9]. The base of the undersurface of the breast lies

on the deep fascia of the chest wall and it is continuous with the deep abdominal fascia [10]. The

parenchyma contains a group of 15-20 lobes (large modi�ed sweat glands), which are subsequently

composed of several lobules [8]. Each one of the lobules are surrounded by stromal tissue, a

connective tissue, that is highly cellular and susceptible to several hormones [11]. The breast also

contains an abundance of adipose tissue (fat), and its proportion, compared to glandular tissue,
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Figure 1.1: Schematic of sagittal view of the breast illustrating different types of fatty, �brous, and
glandular tissue, and the different structures breasts are made of. Retrieved from J. R. Harris et al.,
Diseases of the Breast (�g. 1.2, p. 4) [9]

increases with age reaching its maximum amount in the postmenopausal stage [8, 12].

The breast structure and function are strongly responsive to the cyclic changes in the reproduc-

tive hormonal events. Not only in pregnancy, the human breast is expecting to re�ect the regular

periodic cycling of ovarian estrogen and progesterone secretion during the menstrual phase [13].

The four main phases of the menstrual cycle include: i) menstruation, ii) the follicular phase, iii)

ovulation, and iv) the luteal phase. The changes in breast cellular growth rates are associated to

both follicular and luteal phases. The main proliferative phase is the mid-luteal phase (between

days 15-28) of the menstrual cycle, during which time progesterone and estrogen levels are both

high [14]. An increased blood �ow in the premenstrual breast, due to the higher proliferation in the

luteal phase, elicits an average increase in the breast volume of 15 to 302<3 [9]. Through the end

of the cycle and the beginning of menstruation, the breast epithelium regresses by apoptosis [15]

with minimum breast volume observed between days 5 and 7. Consequently, with the permanent
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termination of the menstrual cycle due to the reduction of hormonal production in the menopausal

stage (between the ages of 35 and 60), the breast connective tissue regresses and it is replaced by

fat [16].

Figure 1.2: Vascular supply of the breast. Retrieved from J. R. Harris et al., Diseases of the Breast
(�g. 1.3, p. 5) [9]

In addition, another important aspect from the breast biology is the vascular anatomy. In agree-

ment with the reduction �broglandular tissue after menopausal, premenopausal women tend to

have more blood volume in the breast than postmenopausal ones, with the largest concentration

of blood vessels in the nipple region. The breast receives its blood supply from different sources:

i) internal mammary (thoracic) artery, ii) axillary (lateral thoracic and thoracoacromial) arteries

and, iii) intercostal arteries, as shown by Figure 1.2. The internal mammary artery is the main

blood supplier, which supply the medial and central breast parenchyma [17]. Venous drainage of

the breast is mainly through the axillary vein and the internal mammary veins, and in deep breast

tissue, is paired with the arterial anatomy. In contrast, super�cial veins do not follow the arterial

supply and lacks valves, besides frequently intramammary venous anastomoses [17].
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1.3 Breast Cancer

1.3.1 Prevalence

Breast cancer is by far the most common and frequent cause of cancer death in the U.S, Table

1.1. For American women, it's estimated that about 30% of newly diagnosed cancers will be breast

cancer. The highest incidence of breast cancer is in middle-aged and older women (mean age at

diagnosis is 62), Figure 1.3. However, young breast cancer patients (� 35years old) have a higher

risk of dying, worse disease-free survival, and lower overall survival compared to the middle-age

and older women, [18, 19].

Table 1.1: Common Types of Cancer: Number of New Cases and Deaths. Retrieved fromhttp:
//seer.cancer.gov/statfacts/html/breast.html .

Common Types of Cancer Estimated New Cases 2020 Estimated Deaths 2020

Breast Cancer (Female) 276,480 42,170
Lung and Bronchus Cancer 228,820 135,720

Prostate Cancer 191,930 33,330
Colorectal Cancer 147,950 53,200

Melanoma of the Skin 100,350 6,850
Bladder Cancer 81,400 17,980

Non-Hodgkin Lymphoma 77,240 19,940
Kidney and Renal Pelvis Cancer 73,750 14,830

Uterine Cancer 65,620 12,590
Leukemia 60,530 23,100

Breast cancer is more common in African-American women under 45 than white women.

Overall, however, black women have a lower incidence rates than white women. Yet, based on

SEER cancer statistics facts [20], African-American women are more likely to die of breast cancer

(Figure 1.4). The reason appears to be that diagnoses are often made at later stages of the disease

and high incidence of triple negative breast cancer (an aggressive subtype of breast cancer linked

to poorer survival) in this particualr population [8]. Asian, Hispanic, and Native-American women

all have lower risk of developing and dying from breast cancer than white or African-American

women.
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Figure 1.3: Percent of New Cases by Age Group. The highest incidence of breast cancer di-
agnoses is at an age of 55-64. Retrieved fromhttp://seer.cancer.gov/statfacts/html/
breast.html .

1.3.2 Risk factors

The biggest risk factor for breast cancer is just being a female [12]. The established risk factors

that have been associated with an increased risk of developing breast cancer are [21]: advanced age,

genetic mutations, reproductive history, dense breasts, personal history of breast cancer or certain

non-cancerous breast disease, family history of breast cancer, previous treatment using radiation

therapy, and previous treatment with diethylstilbestrol (DES).

The incidence of breast cancer is directly proportional to age. [22]. The majority patients are

diagnosed after the age of 50, and less than 0.3% of the cases occur in patients under 30 years of

age. Women with inherited mutation in BRCA1 and BRCA2 genes (tumor suppressor genes) have

up to 70% risk of developing breast cancer [23]. Breast cancer that is positive for the BRCA1 or

BRCA2 mutations account for 5%-10% of all female breast cancers [24].

One of the most established imaging biomarkers of breast cancer risk is mammographic breast
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Figure 1.4: Female breast cancer mortality rates between 2011-2015. African-American women
are more likely to die of breast cancer then white women in U.S. Retrieved fromhttp://seer.
cancer.gov/statfacts/html/breast.html .

density [25–27]. Women with dense breasts have higher risk of breast cancer than women with less

dense breasts [28, 29]. For instance, women in the most dense category (proportion of dense �-

broglandular tissue within the total area of the breast (PID)� 75%) have more than 4 times the risk

of developing breast cancer compared with the least dense category (PIDŸ 5%) [20]. Breast den-

sity is in�uenced by genetics, and has shown to change with age, body weight, menopause status,

pregnancy and certain drug, such as tamoxifen, and medication used in hormone therapy [30–33].

According to the Breast Imaging Reporting and Data System, or BI-RADS, mammographic breast

density is classi�ed into 4 categories, which goes from almost all fatty tissue to extremely dense

tissue and almost no fat, Figure 1.5. The biologic mechanism by which mammographic breast

density is associated with an increased risk of breast cancer, however, remains no conclusive.
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Figure 1.5: Breast density categories. Adapted from “Breast density and your mammogram” by
American Cancer Society. Retrieved fromhttp://www.cancer.org/cancer/breast-cancer/
screening-tests-and-early-detection/mammograms.html .

1.3.3 Types of Breast Cancer

Breast cancers is not a homogenous disease, and is typically classi�ed into several subtypes

based on the tumor pathology and molecular pro�le [34]. Based on the tumor histopathological

characteristics, breast cancer can be classi�ed as in situ or invasive carcinoma. There are two

further sub-classi�cations for in situ breast cancer: ductal carcinoma in situ (DCIS) and lobular

carcinoma in situ (LCIS). DCIS, which constitutes approximately 5% of breast cancers, is charac-

terized by the proliferation of abnormal cells from the mammary ductal epithelial cells still con-

tained by a basement membrane [35]. On the other hand, LCIS, a rare form of mammary cancer,

is characterized by proliferation of abnormal cells within the lobules of the breast [36, 37].

From U.S. breast cancer statistics [38], 48,530 new cases of in situ breast cancer are expected

in 2020. However, the invasive one is the most commonly diagnosed type of breast cancer, and

alone accounts 80% of new diagnoses (with an estimated 276,480 new cases in 2020). Invasive (or

in�ltrating) breast cancer is characterized by the proliferation of abnormal cells in the surrounding

tissue of the milk ducts, known as invasive ductal carcinoma (IDC), or glands, also referred to

as invasive lobular carcinoma (ILC). It is important to highlight that IDC is the most common
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types of breast cancer (about 8 of 10 invasive breast cancers are IDC), however there are other less

common types, such as in�ammatory breast cancer, Paget disease of the nipple, phyllodes tumor,

and angiosarcoma, and a single breast cancer diagnoses can be a combination of different types of

carcinoma [39].

In addition, there are at least four distinct molecular subtypes of breast cancer, which differ

according to their hormone (estrogen or progesterone) receptor (HR+/HR-) status and human epi-

dermal growth factor receptor 2 (HER2) expression [40]. Evaluation of theses biological markers

are essential in daily clinical practice since different subtypes have different outcomes, responsive-

ness to treatment and risk pro�les. The intrinsic subtypes of breast cancer are described below [22].

Furthermore, the incidence rates of female breast cancer by subtypes and race/ethnicity between

2010-2014 in the U.S. is shown by Figure 1.6.

Luminal A (HR+/HER-)

• Slow growing and less aggressive;

• Favorable prognosis;

• More responsive to anti-hormonal therapy.

Luminal B (HR+/HER2+)

• Like luminal A cancers, luminal B are estrogen receptor positive (ER+) and/or progesterone

receptor positive (PR+);

• Highly positive for Ki67 (indicator of a large proportion of actively dividing cells);

• Higher grade and poorer survival rates than Luminal A cancers.

Triple negative (HR-/HER2+)

• Twice as common in black women as white women in the US;

• More common in premenopausal women and those with a BRCA1 gene mutation;
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• Poorer short-term diagnosis;

• No target therapies available for these tumors.

HER2-enriched (HR-/HER2+)

• Grow and spread more aggressively;

• Short-term prognosis compared to HR+ cancers;

• Target therapies available.

Figure 1.6: Female breast cancer incidence rates by subtype and race/ethnicity between 2010-
2014 in U.S. Retrieved and adapted from “Cancer Stat Facts: Female Breast Cancer” by SEER.
Retrieved fromhttps://seer.cancer.gov/statfacts/html/breast.html .

The ER, PR and HER2 status is also used for cancer staging to help plan treatment. The staging

process provides an effective way to express the severity of patient's cancer based on the magnitude

of the primary tumor and if or where it has spread. The most commonly used method is the TNM

Staging System proposed by the American Joint Committee on Cancer (AJCC) and the Union for

International Cancer Control (UICC). According to their manual [41], this system is based on the
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extent of the tumor (T), the extent of spread to the lymph nodes (N), and the presence of metastasis

(M). Table 1.2 summarizes the T, N and M categories for breast cancer. Once all these factors are

determined, they are combined, and an overall stage of 0, I, II, III, IV is assigned.

1.3.4 Treatment

For early breast cancer treatment, the management plan takes into consideration the molecular

subtype, since different molecular subtypes differ in terms of response to treatment, and also tu-

mor load (number of cancer cells, the size of a tumor, or the amount of cancer in the body) [42].

Breast cancer treatment can be divided into local (surgery and radiation) and systemic (chemother-

apy, hormone therapy, targeted therapy and immunotherapy). For in situ breast cancers, surgery

followed by radiation or hormone therapy is usually adopted. On the other hand, invasive breast

cancer will be treated with some type of surgery combined with other treatments, such as radiation,

chemotherapy, hormone therapy or target therapy, to reduce the risk of recurrence and improve

overall survival. For metastatic breast cancer, systemic therapy is the primarily treatment option.

Within the systemic therapy approach, neoadjuvant chemotherapy (NAC) - delivered before

de�nitive breast cancer surgery - has emerged as the standard treatment for primary operable and

locally advanced breast cancer [43]. It was introduced in the late 70's, when it was �rst shown

to reduce tumor size in patients with locally advanced and in�ammatory breast cancer [44]. This

allowed for breast conservation surgery as an alternative to radical mastectomy. Clinical trials,

performed 20 years later, then revealed that in addition to conservation surgery, long-term rates of

distant tumor control were comparable with those obtained with standard adjuvant chemotherapy

therapy, a therapy given after surgical intervention [45–47]. Furthermore, it was discovered that

the neoadjuvant setting provided a prognostic marker for long-term outcome. Additional clinical

studies performed over the last 10 years have con�rmed the advantages of NACT and the preoper-

ative introduction of chemo-therapeutic regimens has become standard clinical practice [48–52].

Patients with a so-called pathological complete response (pCR), de�ned as the absence of residual

invasive disease after NACT in the breast, lymph nodes, or both, had a superior outcome when
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Table 1.2: T, N and M categories for breast cancer. Retrieved and adapted from “Breast Can-
cer Stages” by American Cancer Societyhttps://www.cancer.org/cancer/breast-cancer/
understanding-a-breast-cancer-diagnosis.html .

Primary Tumor (T)
TX Primary tumor cannot be assessed.
T0 No evidence of primary tumor.
Tis Carcinoma in situ (DCIS, or Paget disease of the nipple with no associated tumor mass).
T1 Tumor is 2 cm (3/4 of an inch) or less across.
T2 Tumor is more than 2 cm but not more than 5 cm (2 inches) across.
T3 Tumor is more than 5 cm across.
T4 Tumor of any size growing into the chest wall or skin. This includes in�ammatory breast

cancer.
Regional Lymph Nodes (N)

NX Nearby lymph nodes cannot be assessed (for example, if they were removed previously).
N0 Cancer has not spread to nearby lymph nodes.
N1 Cancer has spread to 1 to 3 axillary (underarm) lymph node(s), and/or tiny amounts of

cancer are found in internal mammary lymph nodes (those near the breast bone) on sen-
tinel lymph node biopsy.

N2 Cancer has spread to 4 to 9 lymph nodes under the arm, or cancer has enlarged the internal
mammary lymph nodes.

N3 The cancer has spread to 10 or more axillary lymph nodes. Or it has spread to the lymph
nodes located under the clavicle, or collarbone. It may have also spread to the internal
mammary lymph nodes or to the lymph nodes above the clavicle.

Distant Metastasis (M)
MX Distant spread (metastasis) cannot be assessed.
M0 No distant spread is found on x-rays (or other imaging tests) or by physical exam.
M1 Cancer has spread to distant organs (most often to the bones, lungs, brain, or liver).

compared with patients with residual tumor at the time of surgery. The residual cancer burden

(RCB) achieved after NAC re�ects response to therapy and predicts overall survival and disease-

free survival [53–55]. RCB scores, de�ned by Equation 1.1, are based on combining pathologic

measurements of primary tumor (size and cellularity) and nodal metastases (number and size) [56]:

58=Eis the proportion of the primary tumor bed that contains invasive carcinoma,31 and32 are the

bidimensional diameters of the primary tumor bed in the resection specimen,!# is the number

of axillary lymph nodes containing metastatic carcinoma, and3<4C is the diameter of the largest

metastasis in an axillary lymph node. A person is considered to have a pCR if RCB� 0.5 (RCB
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class 0). The RCB score is further classi�ed as RCB I (0.5Ÿ RCB � 1.36), RCB II (1.36Ÿ RCB

� 3.28), and RCB III (RCB¡ 3.28). Patients identi�ed as belonging to RCB III are the least

responsive to NAC and correlated to poorer disease free and survival rates.

'� � = 1•4
h
58=E� ¹3132º

1
2

i 0•17
¸

h
4

�
1 � 0•75!#

�
3<4C

i 0•17
(1.1)

The current chemotherapy standards in preoperative treatments are anthracycline-based and

taxane-based therapies, and they are particularly recommended to triple-negative and HER2+

breast cancer. As recently showed by many groups, the pCR rates after NAC are highly depend-

able on tumor subtype [57–60]. In a study published in 2014 it was discovered that the association

of event free survival is highest in TNBC patients and HER2+ tumors [61]. The 3-year overall

survival TN breast cancer patients with pCR was found to be 94% compared to 68% without pCR.

The 5-year survival of patients with HER2+ tumors with pCR was 95% compared to 65% without

pCR. On the other hand, pathologic response to slowly proliferative tumors, such as HR+ luminal

A and B, did not associate with prognosis and was not considered a suitable surrogate endpoint.

Another, more recent study [62], found that patients with HER2+ cancer who received HER2-

targeted therapies and showed a pCR had a 10-year-relapse-free-survival rate of 95% compared

to only 50% if a pCR was not achieved. For patients with TN breast cancer who had a pCR the

10-year-relapse-free-survival was 86% compared to 53% for patients without a pCR.

Although NAC alone can lead to pCR rates of 15% to 60% [56, 63–65], response rates in pa-

tients with HER2+ and TNBC are usually higher than rates observed in patients with luminal A and

B tumors. With these latest �ndings, the neoadjuvant setting is now promising to becoming a place

for tailoring individual treatments. If in addition to breast cancer subtypes, physicians can predict

treatment outcome (e.g. will patient have a pCR or not) early in the therapy (e.g. a few weeks after

treatment initiation) an ineffective therapy with substantial side effects (such as hair loss, severe

diarrhea, nausea and vomiting, mouth sores, peripheral neuropathy, pain in the joints and muscles)

could be avoided. Even more importantly, different treatment regimens that may be more effective

could be pursued. For example, NIH alone is currently supporting over 20 different neoadjuvant
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clinical studies, which test various combinations of new drugs; and, indeed, several recent stud-

ies have shown that changing therapy in patients that do not show an early response may bene�t

from a change in treatment regimen [66–71]. The FDA has recognized this opportunity and issued

guidelines that the neoadjuvant setting is an opportune setting for clinical investigation in popula-

tions in which pathologic response predicts survival, such as HER2+ and TNBC. For instance, an

improved pathologic response can lead to accelerated drug approval for newly developed targeted

agents, such as pertuzumab for HER2+ breast cancer. In July 2016, two simultaneously released

articles with different novel agents evaluated in the I-SPY2 trial were reported in the New Eng-

land Journal of Medicine [50, 51, 72]. In an accompanying editorial, the focus was on how the

NACT can be a setting for a quicker means of drug assessment and approval [73]. In these stud-

ies, as well as a number of the many ongoing NIH-sponsored neoadjuvant clinical trials, the new

drugs are tested in combination with a standard taxane-anthracycline backbone. In the most recent

practice-changing, the KATHERINE trial, patients with residual disease after standard NAC and

HER2-targeted therapy bene�ted from switching systemic therapy [71]. In response, an editorial

from the FDA commented on how the post-NAC setting for patients with residual disease may also

be a regulatory pathway for drug development and approval [74].

1.4 Breast Imaging

Imaging of breast cancer plays a signi�cant role in the primary screening of cancer and risk

assessment. Various imaging modalities are also employed to characterize breast lesions (e.g.

benign versus malignant), monitoring the response to treatment, and in determining breast cancer

recurrence. In the following, I will discuss the major methods currently in use.

1.4.1 Mammography

Mammography is the most common method of breast imaging. It is widely available and

standardized quality measures have been developed. However, its sensitivity is limited, and mam-

mography misses about 13% of breast cancers [75]. This approach is even less accurate in women
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having dense breast tissues [76, 77]. Still, mammography remains the widely used screening tool

for the early detection of breast cancer, and has helped reducing breast cancer mortality rate by

25% - 35% in screened women when compared with a control group after 2 to 9 years of follow-up

[78–80].

As mentioned, one of the main factor that affects mammographic screening is breast density.

High breast density is one of the main reasons for the low speci�city. Furthermore, it is an inde-

pendent risk factor for breast cancer. Women with dense breasts have higher risk of breast cancer

than women with less dense breast in the same age group. This risk remains increased for at least

a decade after the �rst mammographic breast density examination was performed [81]. However,

mammography has not been adopted for breast density quanti�cation on breast cancer risk assess-

ment due its limited ability to quantify longitudinal density variations accurately and its use of

ionizing radiation restricts frequent screening ofer long time periods.

1.4.2 Ultrasound

Ultrasound imaging has emerged as a critical supplemental breast cancer imaging tool, because

it overcomes some of the limitations of mammography. For example, in cases of dense breast tis-

sue, ultrasound imaging increases the cancer detection rate and improves overall sensitivities in

breast screening [82–84]. Ultrasound has also found to be useful in differentiating benign and

malignant lesions, improving preoperative tumor staging and guiding needle biopsies [85]. Since

different signal intensities between �broglandular and fatty tissue can be detected by ultrasound,

some groups have argued that ultrasound might also be useful in assessing breast density. Correla-

tion ranging from r = 0.65 to 0.74 between ultrasound- and mammography-derived breast density

measurements have been found. However these studies were to small to establish statistical signif-

icance. [86–88]. Additional clinical studies are needed for validating the use of US for assessing

breast density and cancer risk [89].

The use of breast ultrasound imaging to assess the effectiveness of NAC and predicting the

response of primary tumors to chemotherapy are also discussed in literature. Over the past 5
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years, Czarnota's group has presents several studies on this topic. In his most recent work, which

included 96 patients, they combined quantitative ultrasound parameters with molecular features.

With this approach they were able to predict treatment response with an accuracy of 78% after

�rst week, and 86% at week four after treatment [90]. In another study, Yang's et al demonstrated

association between percentage change in tumor ultrasound measurements at mid-treatment and

RCB scores in triple negative and HR+/HER2- cancers [91]. Forsberg's group proposed the use

of three-dimensional subharmonic aided pressure estimation and subharmonic imaging for moni-

toring patients under NAC. In a pilot study with 8 subjects, they demonstrated that subharmonic

signal increased more in the tumor than in the surrounding area for responders compared with

non-responders at completion of 10% of therapy [92]. In the most recent publication on this topic,

researchers found statistically signi�cant differences between responders and non-responders after

three NAC courses (overall accuracy of 82).% [93]. This study involved 24 breast cancer patients.

These �ndings suggest that it may possible to use breast ultrasound to evaluate the early tumor re-

sponse to NAC. However larger cohorts of patients are needed to verify whether these preliminary

observations are signi�cant.

1.4.3 Digital Breast Tomosynthesis

Digital breast tomosynthesis (DBT) has become an important tool in clinical practice since

its approval by the U.S. Food and Drug Administration in 2011. It has been shown that DBT

reduces the negative impact generated by the superimposition of structures in the breast, which

can obscure malignant tumors in the mammography screening. [81]. Based on the �rst large-scale

DBT screening studies [94–98], adding tomosynthesis was associated with a decrease in recall

rate and an increase in cancer detection rate with greatest potential value in women with dense

breast tissue. However, current available clinical data remain insuf�cient to recommend DBT for

screening or diagnosis, and long-term follow up is needed to determine its impact on breast cancer

mortality. Furthermore, tomosynthesis requires twice the total radiation dose as compared to the

current digital mammography alone. [99], and increases interpretation time for the radiologists
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[100].

Besides being used for improvement of cancer detection and con�dence, studies have been

exploring DBT's use for the measurement of breast density [101–106]. In the largest study to

date (n=9909), the Malmö Breast Tomosynthesis Screening Trial (MBTST) analyzed quantitative

volumetric breast density agreement in mammography and DBT [107]. The study reported a high

correlation between volumetric breast density in mammography and DBT, and moderate agree-

ment between radiologists' BI-RADS scores and density categories assessed from mammography

and DBT. However, breast density values measured with DBT were underestimated in a non-linear

relationship across the four BI-RADS categories when compared to breast density on mammogra-

phy [108]. Therefore, as pointed out by Taglia�co et al, not having a correction factor to compare

breast density assessed from DBT and mammography might underestimated breast cancer risk

prediction values when breast density is available only from DBT images [109].

1.4.4 Dynamic contrast-enhanced MRI

Functional imaging techniques to assess breast cancer in all its diversity has also been explored,

as a method that may overcome mammography's sensitivity limitations and its low ef�cacy in

dense breasts. Dynamic contrast-enhanced MRI (DCE-MRI) offers measurements of tissue perfu-

sion and permeability, in addition to breast anatomical high resolution information.

From DCE-MRI models, microcirculatory parameters such as perfusion, blood volume, mean

transit time, and vessel permeability parameters can be derived from the kinetics of signal variation

in breast lesions after contrast agents (eg. Gadolinium) administration. By measuring properties of

tissue microvasculature, DCE-MRI provides potential biomarkers for tumor response to ANTI(??)-

angiogentic chemotherapy treatments [110].

The quantitative analysis of DCE-MRI includes nonparametric (model free) and parametric

(analytical) techniques [111]. By acquiring baseline images followed by a series of images during

and after the arrival of the contrast agent, a time intensity curve for the breast tissue is generated,

which correlates to the contrast agent concentration in the tissue. Non-parametric quanti�cation,
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easy to calculate, is derived directly from the shape of the signal intensity curve (e.g. wash-in

slope, AUC, maximum enhancement, and time-to-peak). On the other hand, parametric analy-

sis derive quantitative tissue parameters (e.g. capillary permeability and volume fraction) from

converting the MR signal intensities into contrast agent concentration measurement, and �tting

pharmacokinetic model to the concentration curve. These models can be categorized in two main

groups, compartmental models [112, 113] and spatially distributed models [114, 115].

While DCE-MRI provides high-resolution morphologic and functional information, it still

lacks a standardized protocol, and low reproducibility and repeatibility have been reported, es-

pecially for longitudinal studies [116, 117]. Other important drawbacks include its high-cost and

contraindications to women with severe clastrophobia, metalic implants or allergic reaction to con-

trast agents [118].

1.4.5 Diffuse Optical Tomography

In recent years, several groups [119, 120] have produced evidence that optical-based imaging

modalities may play an important role in assessing breast tissue composition by measuring optical

contrast from endogenous chromophores within near-infrared (NIR) and visible light range (400

- 1000 nm). The advantages of optical techniques are the use of non-ionizing radiation, ease of

use, and relatively low cost. Exploiting optical properties of tissues for structural changes and

functional abnormalities identi�cation are dated from the 1990's [121].

The very �rst attempts to use visible light in the differential diagnosis of breast lesions were

reported by Culter in 1929 [122]. His team used transillumination, Figure 1.7, which was easy

to perform. But as pointed out by clinical studies in the 1980's, it showed lower sensitivity and

speci�city when compared to x-ray mammography [123, 124], and the method was not able to

differentiate between scatter and absorption of the tissue [125].

Starting in the 1990's, some modelling and reconstruction methods for optical imaging were

proposed to overcome the nonlinear inverse problem for recovering intrinsic optical parameters

from boundary measurements of transmitted and/or re�ected light [126]. In other words, these
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Figure 1.7: Transillumination records for the breast published by Culter in 1931 [122]. Left:
Normal breast. Center: Solid tumor in the breast. Right: Breast hematoma. As highlighted by
the author, solid tumors are opaque to transillumination since the opacity of blood is intense and
different from a cyst �lled with a clear �uid.

methods should be able to model the propagation of photons in highly scattering media and recon-

struct images out of a �nite number of surface measurements. DOT technology relies on the fact

that important tissue characterization chromophores such as hemoglobin, water and lipid have low

absorption at the NIR range (650 to 950 nm) then light can easily propagate through several cen-

timeters, and the wide variety of ways different tissues absorb and scatter light. Therefore, DOT

imaging performance is a re�ection of existing differences in the optical properties for distinct

endogenous chromophores, which allow the contrast between healthy and diseased tissue.

The propagation of electromagnetic radiation in an absorbing and scattering medium is mod-

eled by a simpli�ed version of the Maxwell's Equations for analysis and calculation of photon

transport, the radiative transport equation (RTE). Assuming (1) the average distance of propaga-

tion between photon absorption and scattering events is signi�cantly larger than the wavelength of

light, (2) the light is unpolarized in the medium of propagation, and (3) constant propagation ve-

locity for light in the medium, RTE can accurately model the migration of photons through human

tissue [127]. However, solutions to the RTE require computationally intensive numerical meth-

ods [128]. By considering light propagates approximately isotropically throughout an isotropic

medium, RTE can be simpli�ed to a a diffusive approximation (DA) model of photon propagation.

In summary, DA equation depends on only the light source, the absorption and reduced scattering
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coef�cient, and data is acquired by introducing light from a source into tissue, measuring it at given

detector positions, and solving an inverse problem to calculate the optical properties of the tissue

under study.

Optical breast imaging technologies can be divided according to the temporal pro�le of the

laser radiation employed for data acquisition [129]:

• Time Domain (TD): Characterized by high spatial and depth resolution, TD systems detect

short laser pulse shape after propagating through tissue, and both absorption and reduced

scattering coef�cients may be derived from analysis of the detect light using a model of

photon propagation.

• Frequency Domain (FD): Less accurate, but faster and cheaper than TD systems, FD tech-

nique uses intensity-modulated laser to excite chromophores, and calculates absorption and

scattering coef�cients by measuring light demodulation and phase shift.

• Continuous Wave (CW): Low cost technique, CW systems use continuously emitting light

sources to measure the average attenuation coef�cient of the light detected after propagating

through the medium, which is a combination of the scattering and absorption coef�cient.

Potential applications of diffuse optical imaging include diagnosis [130–133], monitoring tu-

mor response to NAC [134–143], and assessment of breast density [125, 144–148]. However,

larger studies are necessary to integrate DOT technologies to the clinical routine and, to play a key

role in breast cancer precision medicine.

1.5 Overview of this Thesis

The primary objective of this thesis is to assess the potential clinical utility of DOTBIS in breast

cancer imaging and treatment monitoring. To this end, I examine changes in optically derived

parameters in the tumor volume and the contralateral unaffected breast in patients receiving NAC.

The remainder of this thesis is organized as follows.
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Chapter 2 describes the clinical study population and design for longitudinal static and dynamic

data acquisition. DOTBIS measuring and imaging protocol are explained in details. Schematics of

the graphical user interface implemented to automatize data processing and feature selection are

presented. In addition, reconstruction results were compared to a multimodal optical molecular

imaging open source software for validation purposes, and the results are shown in Section 2.4.

Characteristics of the patient cohort enrolled for this longitudinal clinical study are summarized in

Section 2.5.

The next three chapters present results from static data analysis. Chapter 3 shows the analysis

for the data acquired from the breast bearing the tumor. Chapter 4 presents the study results from

the contralateral non-affected breast. And, Chapter 5, by using baseline measurements from the

contralateral non-affected breast, provide a comparable optical-based image index of mammogra-

phy breast density.

Chapter 6 explores the potential behind hemodynamic features and its impact in offering pre-

treatment prediction (at baseline) of tumor response to NAC.

The last chapter provides a summary of the most important results. In addition, commentary is

provided on the potential of DOTBIS and future directions of the thesis work.
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Chapter 2: Study Design and Methodology

2.1 Data acquisition

In this study, 105 patients with stage II-III breast cancer were prospectively enrolled in an

Institutional Review Board (IRB)-approved clinical protocol at Columbia University Irving Med-

ical Center between 2011 and 2019. Each patient received a taxane-based regimen. Pathologic

response, as de�ned by Symmanset al. [56], was dichotomized, with pCR de�ned as complete

absence of invasive carcinoma in the breast and lymph node(s) (ypT0/is ypN0 Mx) at the time of

surgery. Menopausal status, age and BMI were recorded in the patient's electronic medical record

and retrieved for this work.

Sixty-nine patients received 12 cycles of weekly paclitaxel (with or without an addition of

carboplatin) followed by 4 cycles of doxorubicin and cyclophosphamide given every 2 weeks with

growth-factor support (T x 12/AC x 4 or T/C x 12/AC x 4), and DOTBIS bilateral measurement

were acquired at six different time points: before starting NAC regimen (baseline); after two weeks

of taxane infusions (TP1); after four weeks of taxane (TP2); at the end of the taxane regimen

and before starting AC cycles (TP3); after two cycles of AC (TP4); and at the end of NAC and

before surgery (TP5). Thirty-six patients received other taxane-based NAC regimens without an

anthracycline, and bilateral imaging was performed only three times (baseline, 2-3 weeks after the

�rst taxane infusion (TP1) and at the end of NAC and before surgery (TP5)), as illustrated in Figure

2.1

Measurements were performed by a continuous wave dynamic imaging system (i.e., DOTBIS),

Figure 2.2, that provides full three-dimensional tomographic images of both breasts simultaneously

without requiring the use of contrast agents or compression. Patient interface consists of two sets

of four rings that uses up to 32 sources and 64 detectors, depending on patient's breast cup size, for
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Figure 2.1: DOTBIS bilateral measurement were acquired at six or three different time points
depending on NAC regimen. For patients under Tx12/ACx4 and T/Cx12/ACx4 therapies (n=69),
contralateral non-tumor-bearing breast and the breast bearing the tumor were imaged at baseline
(TP0); two weeks after the �rst taxane infusion (TP1); after four infusions of taxane (TP2); at the
end of the taxane regimen and before starting AC cycle (TP3); after two AC infusions (TP4); and
at the end of NAC and before surgery (TP5). For other taxane-based NAC regimens (n=36), both
breasts were imaged only three times: TP0, 2-3 weeks after the �rst taxane infusion (TP1) and
TP5.

optical data collection. A more detailed description of the system can be found in previous reports

[149, 150]. Total measurement time varied between 8 to 10 minutes in addition to 5 minutes

required to set up the machine. Imaging begins with a baseline measurement of about 2 minutes.

Next, the patient is instructed to hold her breath for 30 seconds and then given 90 seconds to

recover. Each patient performs 3 breath holds. Once the patient imaging is done, a calibration

measurement is performed with a reference solution, which is composed of well-de�ned mixtures

of intralipid and india ink with optical properties similar to breast tissue.

2.2 Data pre-processing

Data was analyzed using customized MATLAB scripts (The MathWorks, Inc., Natick, USA).

The following text contain in detail all the major features developed to automate the analyses of

static tissue contrast and functional imaging acquired from the DOTBIS imager.

Figure 2.3 shows a screen shot of the MATLAB graphical user interface (GUI) implemented

to automatize data selection, �ltering and mesh creation. The windows of the lower panel provide

visualization of the patient's raw data for the left and right breasts (1). This set up also allow us
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Figure 2.2: Left: photograph of the custom-built diffuse optical tomographic breast imaging sys-
tem (DOTBIS). Right: patient placed in the probe for imaging. The patient interface consists of
two sets of four rings that can be adjusted to provide customized setting for different breast cup
sizes.

to visualize the data from all the sources-detectors pairs for each one of the four wavelengths. In

the upper level, we can choose to look at the patient or intralipid raw data, and select dynamic or

static reconstruction mode (2). Static images are reconstructed from patients's baseline imaging

measurements and the intralipid reference solution imaging. On the other hand, dynamic images

are acquired during increased intrathoracic pressure induced by the breath hold, and2C) �1 data

reconstruction is based on volumetric changes in the concentrations of2C$2�1 , and2C��1 , frame

by frame and relative to baseline concentrations.

Additional elements of the upper panel provide for, among other futures, data �ltering (3),

mesh creation (4), source and detector selection or deactivation (5), and forward/inverse �le cre-

ation and data reconstruction using a so-called GENeralized Equality Constrained Inverse Solver

(GENECIS) program, which has been developed in our group. In general, this code solves an

optical tomographic problem where the inverse problem is constrained by partial differential equa-

tion (PDE) [151], which uses the diffusion approximation (DA) of the radiative transfer equation

(RTE) to describe the light propagation in such scattering-dominated media as the breast tissue.

Therefore, as illustrated by Figure 2.4, the �nal tomographic image is generated by minimizing the

mismatch between predictions and measurements of the outgoing light intensities from the tissue
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surface, measured with the optical �bers.

Figure 2.3: MATLAB GUI implemented for data selection automation, �ltering and mesh creation.
The windows of the lower panel provide visualization of the patient's raw data for both breasts.
Each curve in the plot represents the intensity light detected by each detector from source number
1 and wavelength 765 nm for left and right breast.

Given DOTBIS's wavelength set up (_ = 765, 808, 827 and 905nm), the spatial distribution of

chromophore concentration of2C$2�1 , 2C��1 and water are available. Additional features such

as total hemoglobin (2C) �1 ) and oxygen saturation ((C$2) were de�ned respectively as Equation

2.1 and Equation 2.2.

2C) �1 = 2C$2�1 ¸ 2C��1 (2.1)

(C$2 =
2C) �1

2C$2�1
� 100% (2.2)

For each of the four wavelengths, changes in the absorption coef�cients are calculated at each

node of the mesh determined using our our �nite-element reconstruction algorithm. Figure 2.5

shows the display for “Mesh De�nition” button. This automated mesh creator allows us to design

personalized meshes (7) according to the ring position set up adapted to patient breast size. In ad-
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Figure 2.4: Model-based iterative image reconstruction diagram: the forward model provides a
prediction of the measurements based on a guess of the system parameters. Then, predicted data
is compared with the measured data, and error is calculated. Finally, if error is still larger than a
threshold, the system parameters of the forward model are updated, which provides a new set of
predicted data. Retrieved and adapted from [152].

ditional, we can also �x the number of elements inside each volume unit (8). Therefore, compared

to the previous protocol adopted by our group, an important criterion added this time is adopting

the same number of elements per unit of volume inside the mesh for all patients. This has critical

impact since absolute concentration reconstructed values depend on the number of mesh elements,

and for fair comparison between different patients, a �x number of elements per volume is essen-

tial. Besides, the old dynamic reconstruction schemes only used two wavelengths, which restricted

the analyses exclusively to ctTHb. Currently, we are using all the 4 wavelengths to also expand our

analyses to water reconstruction values.

Additionally, criteria were establish for patient's data inclusion. An important start point is
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Figure 2.5: Screen shot of the automated mesh creator implemented in MATLAB for personalized
patient's mesh. See text for description.

de�ning what is a so-called valid source-detector pair (SDP). Here we de�ned a valid SDP, as a

source-detectors pair that has a minimal distance of 2 cm and maximum distance of 9 cm. Fur-

thermore, to be included in the valid SDP set the signal-to-noise ratio (SNR) had to be at least

2dB. To be included in the data analysis, at least 30% of the data collected for a speci�c patient,

needed to full�l the threshold minimum criteria of SNR > 2dB. It is important to highlight that

when a SDP was removed from a speci�c wavelength, it was also removed from the other 3 remain

wavelengths. In this way, it was guaranteed that all SDPs have measurements at all wavelengths.

The impact of bounded boundary values on the reconstructions was also investigated. After

adding a function to set boundary values to background ones, and compare it with standard recon-

struction, the reconstructions were not affected by this type of boundary border, which could be

explained due to the fact that our DCT-based reconstruction [151] is less affected by changes in a

particular node, such as the boundary nodes.
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2.3 Data post-processing and feature extraction

2.3.1 Static features

Static image features are features that are not derived from a series of images that change over

the time of the measurement. For visualizing and extracting static features after reconstruction, I

implemented MATLAB GUI, Figure 2.6. The two windows of the upper panel (middle and right)

provide 3D visualization of selected chromophore concentration for both breasts (9). Besides

3D volume maps, one can also display slices for different x, y and z directions (10) for easy tumor

identi�cation. Tumor volume selection can be done by entering radiologic information (from MRI,

MMG and/or US) such as tumor side, clock position and distance from the nipple (FN) (11).

Figure 2.6: MATLAB GUI implemented for static imaging visualization and feature extraction
after data reconstruction. See text for description.

Regarding tumor-volume selection, I designed an automated code to select the highest value

from the distance FN and the quadrant referent to the clock position entered by the user. For ex-

ample, if the tumor is 2 o'clock and left breast, the automated code will �nd the highest value from

the upper outer quadrant (from noon to 3 o'clock) as shown in Figure 2.8. Subsequently, a region-
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based image segmentation method is implemented to examine neighboring pixels of the highest

value point detected in the quadrant previously speci�ed. In this way, it is possible to determine

whether the proximate pixel should be added to the region considering a mask of 90%. Another

essential feature was the possibility to exclude the nipple region from post-processing analyses.

This region is highly vascularized and I found that it often degrades the image reconstruction re-

sults. Since not all patients positioned their nipple in the center of the lower ring, I needed to

build a function for manual selection of the nipple central region. After this region is found, a 3D

region growing algorithm for nipple segmentation is applied, Figure 2.7. Finally, I also included

a Maximum Intensity Projection (MIP) subroutine in the visualization aid tool (12). MIP projects

the acquired data volume into a view plane, which can be obtained by �nding the voxels with

maximum intensity along a chosen axis [153].

Figure 2.7: Before (top) and after (bottom) using nipple removal function. A) Sagittal MIP image
for right breast of P5 at baseline. B) 3D2C) �1 image for right breast of P5 at baseline.
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After tumor location input and nipple region removal, one saves a �nal �le with the features

extracted for both breasts and for all chromophores. After clicking "Save Excel File", the �le

generated includes average and standard deviation for all chromophores in both breasts, including

tumor and non-tumor region.

Figure 2.8: “Clock” positions and quadrants of the breast. Retrieved from NIH SEER Training
Moduleshttps://training.seer.cancer.gov/breast/anatomy/quadrants.html .

In summary, static features include average concentration values of2C$2�1 , 2C��1 , 2C) �1 ,

(C$2 andF0C4Afor three regions of interest: tumor volume, non-tumor volume from the affected

breast, and contralateral breast.

2.3.2 Dynamic features

Unlike static feature, dynamic feature are extracted from a series of images taken over the time

of the measurement (about 2-4 minutes). Figure 2.9 shows the main tools that were implemented

for the task of extracting these feature from the raw data. Both windows of the lower panel (middle

and right) provide 3D visualization of the distribution of2C) �1 relative to baseline concentrations

at a speci�c frame during breath hold for both breasts (13). Additional tools allow the user to chose
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between 3D map or MIP image display (14), record the2C) �1 average changes across time (15),

and show a particular slice in any x, y and z directions for easy tumor localization (16). Figure

2.10 displays the cross-sectional images of the 3D2C) �1 maps at different time points over the

course of a breath hold. Tumor selection is performed using the same methodology for static

feature extraction (17). After the tumor is located, the user can visualize hemodynamic curves for

3 regions of interest: tumor volume, tumor-bearing breast, and contralateral non-tumor-bearing

breast.

Figure 2.9: MATLAB GUI implemented for dynamic imaging visualization and feature extraction
after data reconstruction. Lower left panel shows the hemodynamic curves for 3 regions of interest:
tumor volume, the entire tumor-bearing breast, and the contralateral non-tumor bearing breast.
Also included are their respective key point selection for feature extraction. The black arrows
point to the tumor region selection.

From the quanti�cation analysis of the hemodynamic traces, which can be divided into breath

hold and recovery (after patient resume normal breathing), Figure 2.11, we determine the �ow-

in slope (g8=), wash-out slope (g>DC), and the ratio between the maximum signal intensity and the

time-to-peak (MITR). These features characterize the shape and structure of the2C) �1 time-trace.

Notably, the hemodynamic response function usually exhibit a sigmoid time dependence. A
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Figure 2.10: 65 y/o patient with a tumor at 2 o'clock in the right breast. Image shows a cross
section view at 4 cm from nipple in 8 different time points during a breath hold. Tumor region is
indicated by the black dashed line.

sigmoid model predicts that initial behaviour proceeds exponentially, then slows and eventually

saturates to produce the characteristicS-curve [154]. Therefore, a second quanti�cation analysis

approach �ts the2C) �1 time-trace to a variation of the Hill equation de�ned by the three-parameter

sigmoid function Equation 2.3.) 1
2

denotes the point of in�ection in the response curve at which

mean2C) �1 is 50% of the maximal mean2C) �1 level (2C) �1 " �- ), andd is the slope at the

steepest part of the curve. Since the2C) �1 trace is de�ned by two curves, breath hold and recov-

ering, depending on the sign ofd, we can represent an ascending sigmoid curve or a descending

curve.

2C) �1 ¹Cº =
2C) �1 " �-"

1 ¸
�

) 1
2
C

� 3
# (2.3)

In addition, I also developed a method to quantify the areas that are high in signal intensity at
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Figure 2.11: An example of2C) �1 time-trace from the tumor volume showing the different met-
rics that characterize hemodynamic changes in the breast tumor during a breath hold.

the end of breath hold (i.e. 2C) �1 " �- ) compared to 50% of the maximum value at the end of

breath hold (2C) �1 " �- 50%). This allows for a comparison the effect of enhanced2C) �1 values

estimated from an early versus after breath hold measurement, Figure 2.12. In our fully-automated

algorithm, the2C) �1 enhanced ratio was estimated by evaluating the difference of each voxel's

2C) �1 value in the 3D breast volume image at the end of the breath hold (i.e. 2C) �1 " �- ) relative

to 2C) �1 value in the corresponding2C) �1 " �- 50% volumetric image. This voxel-wise enhance-

ment ratio (' %), Equation 2.4 measures the relative increase change upon a breath hold.

' % =
�
2C) �1 " �- � 2C) �1 " �- 50%

2C) �1 " �- 50%

�
� 100 (2.4)

A new dynamic feature named asDOT-THbEwas de�ned as the total volume¹2<3º of en-
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