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Resumen

Tı́tulo: Evaluación de un modelo de campo carcinogénico usando análisis parenquimatoso *

Autores: Angie Nicole Hernández Durán **

Palabras Clave: Evaluación de riesgo de cáncer de mama, análisis parenquimatoso, mamografı́a, efecto de campo

carcinogénico

Descripción: El análisis parenquimatoso ha mostrado un desempeño notable para la evaluación del riesgo de cáncer

de mama, estableciéndose como una herramienta prometedora para esta tarea. Sin embargo, su principio de fun-

cionamiento no es conocido aún. El efecto de campo carcinogénico es un fenómeno asociado con cambios genéticos y

epigenéticos en grandes volúmenes de células, que las ponen en el camino de malignidad incluso antes de la aparición

de signos reconocibles de cáncer. Este fenómeno se ha estudiado durante casi 70 años y la evidencia sugiere que

puede inducir cambios en las propiedades bioquı́micas y ópticas del tejido. En este trabajo exploramos la idea de que

la cancerización del campo es el principio de trabajo subyacente del análisis parenquimatoso. Nuestra hipótesis es que

los cambios genéticos y epigenéticos extendidos debido al campo carcinogénico tienen un impacto en la bioquı́mica

de los tejidos mamarios, que luego se reflejan en los patrones parenquimatosos de las imágenes mamográficas. Para

testear esta hipótesis, nuestro objetivo es comprobar si el efecto de cancerización de campo tiene repercusiones de-

tectables a nivel mamográfico, mediante el análisis de las caracterı́sticas parenquimatosas de la mama. Para probar

esta idea, diseñamos un experimento in silico: Basándonos en la literatura sobre el efecto de campo carcinogénico,

inicialmente propusimos un modelo que modifica las propiedades ópticas del tejido de una cohorte de 60 phantoms

mamarios virtuales en 3D. Simulamos imágenes mamográficas de phantoms con y sin efecto de campo carcinogénico

y evaluamos sus diferencias mediante análisis parenquimatoso. Especı́ficamente, extrajimos 33 caracterı́sticas de tex-

* Trabajo de grado

** Facultad de Ciencias, Escuela de Fı́sica.
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tura del área de la mama y analizamos sus diferencias estadı́sticas y equivalencia estadı́stica utilizando la prueba t, la

prueba de rangos con signos de Wilcoxon y la prueba de Kolmogorov-Smirnov. También realizamos una prueba de

discriminación mediante análisis de regresión logı́stica multinomial con regularización de Lasso. Esta investigación

tiene como objetivo identificar los lı́mites en los que se pueden detectar posibles alteraciones en el tejido mamario de-

bido al efecto de campo carcinogénico a través del análisis parenquimatoso. Nuestros resultados pueden proporcionar

evidencia para apoyar o rechazar la idea de que el efecto de campo carcinogénico es un principio de trabajo subyacente

factible detrás del desempeño distintivo del análisis parenquimatoso en la evaluación de riesgo de cáncer de mama.
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Abstract

Title: Evaluation of a field cancerization model using parenchymal analysis *

Author: Angie Nicole Hernández Durán **

Keywords: Breast cancer risk assessment, parenchymal analysis, mammography, field cancerization

Description: Parenchymal texture analysis has shown a remarkable performance for breast cancer risk assessment,

establishing itself as a promising tool for this task. However, the working principles behind it are not well understood

yet. Field cancerization is a phenomenon associated with genetic and epigenetic changes in vast volumes of cells,

which put them on path of malignancy even before the apparition of recognizable cancer signs. This phenomenon

has been studied for nearly 70 years and evidence suggests that it can induce changes in the biochemical and optical

properties of the tissue. In this work we explore the idea that field cancerization is the underlying working princi-

ple of parenchymal texture analysis. We hypothesize that the extended genetic and epigenetic changes due to field

cancerization have an impact in the biochemistry of the breast tissues, which are then reflected in the parenchymal

patterns of mammography images. To test this hypothesis, our objective is to test whether the field cancerization

effect has repercussions that are detectable at the mammography level, via the analysis of the parenchymal features

of the breast. To test this idea we designed an in silico experiment. Experiment: Based on the literature on field

cancerization, we first proposed a model that modifies the optical properties of the tissue of a cohort of 60 virtual

3D breast phantoms. We simulated mammography images from phantoms with and without field cancerization, and

assessed their differences using parenchymal analysis. Specifically, we extracted 33 parenchymal features from the

breast area and analyzed their statistical differences and statistical equivalence using t-test, Wilcoxon signed rank test

* Master’s Thesis

** Facultad de Ciencias, Escuela de Fı́sica
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and Kolmogorov-Smirnov test. We also performed a discrimination test using multinomial logistic regression analysis

with Lasso regularization. This investigation aims to identify the limits at which potential alterations in the breast

tissue due to field cancerization can be detected via parenchymal analysis. Our results can provide evidence to support

or reject the idea that field cancerization is a feasible underlying working principle behind the distinctive performance

of parenchymal texture analysis in breast cancer risk assessment.
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Introduction

Breast cancer is among the most prolific cancers in women worldwide and it is one of the

leading causes of cancer deaths in women Siegel et al. (2022). Routine screening mammography

on the high risk population (usually women above 40 years old) is the most common practice for

early detection of this disease, which is crucial to decrease mortality and improve patient prognosis

Coleman (2017). A helpful practice for early detection is risk assessment. Clinically recognized

biomarkers, such as the genes BRCA 1/2 and clinical history, have been used both standalone and

in combination to build risk assessment models such as the Gail model Wang et al. (2018). Still,

the predictive power of risk models remains limited in the general population Amir et al. (2003).

Alternatively, the use of biomarkers extracted from mammography images has proven valuable for

breast cancer risk assessment; one of the main branches of this practice is known as parenchymal

texture analysis.

In parenchymal texture analysis, computerized texture features extracted from mammo-

grams are used to construct predictive models via machine learning techniques Gastounioti et al.

(2016). Diverse studies have showcased the potential of parenchymal analysis for breast cancer

risk assessment Li et al. (2007); Kontos et al. (2019); Li et al. (2019a). The texture features used

in parenchymal analysis are extracted from regions of interest (ROIs) all over the breast area in the

mammogram. This characteristic suggests that the relevant textural information for risk assessment

can be found in a vast area, despite cancer lesions usually appearing in localized foci.

The underlying working mechanism of parenchymal texture analysis for breast cancer risk
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assessment is still not understood. One hypothesis, however, points to the Field Cancerization

effect as the possible explanation Miranda and Pertuz (2020). Field cancerization was initially

proposed in 1953 by Slaughter et al. Slaughter et al. (1953). While studying epidermoid carcinoma

of the oral cavity, Slaughter found that the seemingly healthy tissue surrounding malignant tumors

presented abnormalities, and he named this phenomenon field cancerization. Since then, the term

has been used for similar phenomena in cancers of different parts of the body. Pertaining the breast,

field cancerization can be defined as the molecular alterations present on a relatively extensive

region of otherwise histologically normal tissue, related to the eventual development of cancer

Heaphy et al. (2009). Molecular evidence of field cancerization has been gathered for different

organs Heaphy et al. (2009); Wistuba et al. (1999); Ushijima (2007); Nonn et al. (2009), and it has

been studied on different imaging modalities Campbell et al. (1995); Subramanian et al. (2009);

Damania et al. (2012); Bugter et al. (2019), showing that it produces alterations in some of the

optical parameters of the organ tissues.

In this work we hypothesize that the extended biochemical alterations of the breast tissue

due to field cancerization effect are identifiable via computerized analysis of the visual parenchy-

mal patterns in radiological images, which are detectable through parenchymal texture analysis

Miranda and Pertuz (2020).

To test our hypothesis we performed an in silico experiment that used virtual breast phan-

toms and digital mammography simulation. We conducted our study in three phases: 1. Lit-

erature review: we reviewed the available literature on field cancerization as a general concept

and field cancerization in mammary tissue, and proposed a mathematical model for field can-
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cerization. 2. Simulation: we generated a cohort of voxelized virtual breast phantoms with

and without our field cancerization model; from these, we obtained digital mammography im-

ages by simulating X-ray propagation in biological tissue. 3. Analysis: we extracted com-

puterized, parenchymal texture features from the breast area of each mammogram, and used

t-test, Wilcoxon signed rank text and Kolmogorov-Smirnov test to assess for statistically sig-

nificant differences, and an equivalence test to assess likeness; we additionally tested the dis-

criminability of the parenchymal texture features using multinomial regression analysis. Our

aim was to evaluate the effect that our proposed field cancerization model has on the radiolog-

ical patterns of mammographic images. The codes are available in https: // github. com/

AngieNicole-Hernandez/ Breast-Phantom-Analysis-Tools

Our experiments provide evidence on the feasibility of detecting systematical differences

due to field cancerization through the analysis of parenchymal features. These results could pro-

vide support to our hypothesis, which would further the understanding of the role of parenchymal

analysis for breast cancer risk assessment. Such a scenario would link radiological texture features

with molecular biomarkers that have been studied for breast cancer risk assessment.

This research was part of the project “Software de análisis parenquimatoso de imágenes

mamográficas para la estimación de riesgo de cáncer de seno” (Minciencias, code 110284467139).

https://github.com/AngieNicole-Hernandez/Breast-Phantom-Analysis-Tools
https://github.com/AngieNicole-Hernandez/Breast-Phantom-Analysis-Tools
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1. Objectives

General objective

• To evaluate the effect of the changes of the physical parameters of the tissue, due to the field

cancerization effect, on the radiological patterns of mammographic images of the breast.

Specific objectives

• To propose of a mathematical model to represent the effect of field cancerization in mam-

mographic images.

• To identify a suitable virtual breast simulator for the implementation of the aforementioned

model.

• To produce a virtual cohort o patients that reflect the characteristics of a set of real popula-

tion.

• To perform breast cancer risk assessment using parenchymal analysis and evaluate the effect

of the mathematical model proposed.
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2. Theoretical background

In this section, we review the relevant concepts in which we base our hypothesis and the

proposal of our model: mammographic image analysis and the evidence of field cancerization.

2.1. Mammographic Image Analysis

Breast cancer risk assessment is the practice of assigning a risk score of developing breast

cancer in the upcoming years to a woman. Before the appearance of visible signs, it is not triv-

ial to visually assess a woman’s risk of developing cancer. Biomarkers such as woman’s history

and genetic characteristics have been used for the construction of risk models, but their predictive

power in the general population leaves substantial room for improvement Amir et al. (2003). In

1976, Wolfe attempted the classification of mammograms according to the distribution of internal

tissue and theorized that these categories would be associated with breast cancer risk Wolfe (1976).

Wolfe’s concept of categorizing mammograms according to their appearance gave way to numer-

ous studies on breast cancer risk assessment based on mammography Hernández et al. (2021).

The initial categorization practice, which suffered from human fatigue and human interpretation

subjectivity, has evolved into the modern breast cancer risk assessment via computerized image

analysis Hernández et al. (2021). This area is currently divided in two big branches: breast density

estimation and parenchymal analysis.

Research on breast density estimation is motivated by the substantial evidence linking breast

composition with breast cancer risk McCormack and dos Santos Silva (2006); Boyd et al. (2007,

2010). These methods focus on the evaluation of the percentage of dense tissue inside the breast
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from a mammogram, either at the area or volume level. Area based methods use pixel classifica-

tion through different means to discriminate between dense and non-dense tissue. The bulk of these

methods can be classified into thresholding, clustering and statistical model building methods He

et al. (2015). More recently, deep learning models have also been built for the estimation of breast

percent density Lee and Nishikawa (2018); Ahn et al. (2017), with encouraging performance. Vol-

ume based methods usually take on physical image formation models for their estimations, and

require further information about the acquisition parameters that area methods can overlook van

Engeland et al. (2006); Hartman et al. (2008); Highnam et al. (2010). Within the density estima-

tion methods, we can also include methods that categorize mammograms according to different

criteria, which are still based on breast density. These usually account for breast percent density

and mammographic appearance, and use these features to perform the categorization Tzikopoulos

et al. (2011); Ben-Ari et al. (2016); He et al. (2016); Antonelli et al. (2019); Lehman et al. (2019);

Li et al. (2019b); Gandomkar et al. (2019)

On the side of parenchymal analysis, these techniques take advantage of the information

encoded in mammographic images. Here, quantitative texture features are extracted from a re-

gion of interest (ROI) withing the breast area of the mammogram, and they are used to build risk

models via machine learning techniques Byng et al. (1997); Huo et al. (2000). These methods can

be categorized into feature-based and deep learning-based. Deep learning-based techniques have

shown promising results Li et al. (2017). On this work, however, we do not consider these methods

since the texture features in them are implicit, not allowing for the assessment of the effect of field

cancerization on specific radiomic features. Feature-based methods, on the other hand, explicitly
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(a) (b) (c) (d)

Figure 1. Most common ROIs used for parenchymal analysis. a) Whole breast. b) Largest circum-
scribed square. c) Lattice-based. d) Polar-based.

take specific texture features as input, allowing the further analysis of such, and which have also

shown distinctive performance Li et al. (2014); Zheng et al. (2015); Pertuz et al. (2019b); Nebbia

et al. (2019).

There have been discussions on whether ROI selection has an impact on the performance of

parenchymal analysis Li et al. (2004); Gastounioti et al. (2018); Africano et al. (2020). The main

regions used are whole breast, largest circumscribed square, lattice-based sampling and polar-

based selection (figure 1). While the use of each is supported by different arguments, all these

ROIs show that parenchymal analysis is usually performed over extended areas of the breast. This

was recently backed by the findings of Liu et al. Liu et al. (2020). In this research, the authors

studied the effect that training data could have in a deep learning algorithm for breast cancer risk

assessment. The authors found that, when the network was trained using images that contained

early cancer signs, the model extracted relevant features from a relatively small area around these

signs. On the other hand, when the network was trained with a dataset that did not contain any
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early cancer signs, the area from where relevant features were extracted was significantly more

extensive than in the previous case. The latter model also showed a better performance for long-

term risk assessment estimation (mammograms from one up to five years before diagnosis). These

findings indicate how the cues of interest for breast cancer risk assessment span over tissues be-

yond the limits where the cancerous mass eventually develops, which is in line with the current

understanding of field cancerization (see next section). Once the desired ROI has been selected, a

predetermined set of texture features are extracted from it. These features can be categorized into

statistical features Amadasun and King (1989), Gray-level co-occurrences Haralick et al. (1973),

Gray-level run lengths Chu et al. (1990) and and Spectral features Li et al. (2007).

2.2. Field cancerization

Cancer is an umbrella term to refer to a large number of diseases in which abnormal cells

multiply uncontrollably, usually creating tumors and interfering with the normal functionality of

organs. In some cases, the abnormal cells have the ability to propagate to locations and organs

beyond their onset Gabriel (2007). The origins of cancer imply genetic and epigenetic changes.

When cancer is overt, these modifications are present in the surrounding tissue, however it is be-

lieved that these early epigenetic changes can also be observed in subjects at risk of developing

cancer Shen et al. (2005); Yan et al. (2006); Curtius et al. (2018). The observation of these aberra-

tions in histologically normal tissue has been labeled field cancerization.

This concept was first proposed in 1953 by Slaughter, stating from his observations on oral

epidermoid carcinoma that ⟨⟨it would appear that epidermoid carcinoma of the oral stratified squa-

mous epithelium originates by process of “field cancerization”, in which an area of the epithelium
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has been preconditioned by an as-yet-unknown carcinogenic agent⟩⟩ Slaughter et al. (1953). Since

then, the concept has evolved and adapted to cancer on different organs and has been supported by

numerous works. In the case of breast cancer, ⟨⟨field cancerization presently denotes the occur-

rence of molecular alterations in histologically normal tissues surrounding areas of overt cancer⟩⟩

Heaphy et al. (2009).

Heaphy et al. Heaphy et al. (2009) gathered the molecular evidence of field cancerization

in breast cancer up until 2009. These include genetic aberrations such as allelic imbalance and

loss of heterozygosity; epigenetic changes in processes such as promoter methylation and histone

acetylation; and expressional aberrations in aspects such as G-coupled chemokine receptors and

signal transductors. It is worth mentioning that these molecular markers, measured in histologically

normal tissue, are also present in cancerous tissue. The authors reaffirm that these aberrations,

while subtle for the time being, may set the cells on a pathway to malignancy and could serve as

markers of disease risk. Different ideas regarding the practical use of this information on breast

cancer have surfaced, such as consideration of this effect in surrounding tissue before proceeding

with cancer removal surgery to avoid cancer re-incidence Rivenbark and Coleman (2012); Dworkin

et al. (2009).

Field cancerization has not been widely studied in imaging modalities. However, one of

the first mentions of field cancerization detection using an imaging modality was made in 1995

by Campbell et al. Campbell et al. (1995); the authors studied the tumor stage of squamous cell

carcinoma of the oral cavity using magnetic resonance imaging. Based on the field cancerization

theory, the authors stated that the imaging system used could detect areas of dysplasia away from
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the cancerous margins.

More recently, different spectroscopy modalities have been used to study field canceriza-

tion. In 2009, Subramanian et al. Subramanian et al. (2009) used partial wave microscopic spec-

troscopy to study cells from pancreatic cancer patients, finding that cells from patients had a higher

disorder strength coefficient (Ld), a parameter related to average refractive index of the cells (n0),

than cells from control samples. In 2012, Damania et al. Damania et al. (2012) came to the same

conclusion using partial wave spectroscopy in patients with precancerous lesions of the colon.

These findings suggest that Ld could be a marker for field cancerization of pancreas and colon

cancer. Bugter et al. Bugter et al. (2019), focusing on the optical detection of field cancerization of

patients with lung cancer, studied the buccal mucosa using Multidiameter single-fiber reflectance

spectroscopy. This imaging system allows the user to obtain two scattering parameters: the re-

duced scattering coefficient µs’ and the phase function parameter γ; these are closely related to

the nano-architecture of the tissue. The authors found that the µs of the buccal mucosa of cancer

patients was higher than in control subjects.

In 2016, Spicer et al. Spicer et al. (2016) studied tumor progression in the context of tis-

sue microenvironment, specifically how the changes in the micro and nano-scale structure of the

extracellular matrix affect colon cancer cell growth, using inverse spectroscopic optical coher-

ence tomography. They measured the mass density correlation shape factor D of colon cancer

cells in different substrates; the parameter D is related to the backscattering coefficient µb via the

wavenumber k (µb ∝ k4−D). The results showed an increase in D when the cells were in a highly

cross-linked substratum.
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While the evidence just presented was gathered from organs other than the breast, the types

of cancer previously mentioned show similar molecular alterations than those found in mammary

field cancerization Wistuba et al. (1999); Van Rees et al. (2000); Kadara and Wistuba (2012);

Hawthorn et al. (2014); Patel et al. (2015). What the studies mentioned in the above paragraphs

have in common is that they show evidence of variations in optical parameters, such as µs and γ ,

that were measured over extended areas of the organ, including regions away from tumor margins.

Another important aspect in these studies is that they are not performed using X-rays. However,

there is evidence that shows differences in the attenuation coefficients and trace elements compo-

sition between normal, malignant, and malignant adjacent tissue for this type of radiation Johns

and Yaffe (1987); Soares et al. (2020); Silva et al. (2009), hence we consider it is not far fetched

to hypothesize that the variation in optical properties of tissue affected by field cancerization can

extend to the wavelengths used in mammography.

Consequently, if these changes in optical parameters are present over a sufficiently wide

area, they may result in changes in the mammogram that could be detected via parenchymal ana-

lysis.
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3. Materials and methods

To test the effects of our field cancerization model at the mammography image level, we

required a tool for the generation of modifiable virtual breast phantoms and the simulation of digital

mammography. We also analyzed these images to assess the impact of field cancerization. In this

section we describe the tools used for the simulation phase, shown in figure 2, and the statistical

tests used in the analysis phase, shown in figure 3.

3D breast 
phantom

Breast 
compression

Compressed 
breast Mammogram

Field 
cancerization

X-ray 
propagation

Add FC?
Yes

No

Figure 2. In the simulation step, we generate voxelized 3D virtual breast phantoms with and
without field cancerization, and simulate craniocaudal mammography from each.

Statistical 
analysis

Parenchymal 
texture features

Parenchymal 
texture features

Cases

Controls

Figure 3. In the analysis step, we extract parenchymal texture features from the mammograms and
test for their resemblance between cases and controls.
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3.1. Mammography simulation

For the simulation of the phantoms and digital mammography, we used the simulation tool

developed in the VICTRE project Badal et al. (2021); Badano et al. (2018). VICTRE was created

to offer an in-silico alternative to expensive, time-consuming clinical trials; it has a complete,

open-source pipeline that comprises several steps. The steps that pertain to mammography image

simulation are: anthropomorphic breast phantom simulation, breast phantom compression, and

X-ray imaging simulation. These steps are explained in the following subsections.

3.1.1. Anthropomorphic breast model. The VICTRE pipeline begins with the

simulation of an anthropomorphic breast phantom Graff (2016). This voxelized phantom consists

of skin, nipple, lactiferous ducts, terminal duct lobular units (TDLU), inter-lobular glandular tis-

sue, fat, Cooper ligaments, chest muscles, and arteries and veins. Characteristics such as volume,

fat percentage, skin thickness, maximum TDLU length, etc., are customizable, allowing the sim-

ulation of diverse breast morphologies. Additionally, random seeds are used to generate different

phantoms with the same base characteristics, such as an equal amount of ducts and fat percentage.

The voxel size used for the simulations was 0.05 mm.

3.1.2. Model of physical breast compression. Mammography acquisition re-

quires the breast to be compressed between two paddles to reduce breast thickness and improve

image quality. This step is performed in the VICTRE pipeline by the following steps:

1. A tetrahedral mesh is created in the volume of the phantom, using the open-source software

TetGenSi (2015).

https://github.com/DIDSR/VICTRE
https://wias-berlin.de/software/index.jsp?id=TetGen&lang=1
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2. Elastic properties (Young’s module and Poisson’s ratio) are assigned to the fatty and glandu-

lar tissues. The tetrahedrons that contain pectoral muscles are set as fixed boundaries.

3. The tetrahedral version of the breast phantom and its properties are passed to the open-source

software for computational biomechanics FeBiO Maas et al. (2012), which creates two com-

pression paddles that come together, compressing the phantom to the desired thickness.

4. The compressed phantom is now a displaced map of the original tetrahedral node positions.

This is then interpolated to locate the displaced voxels and return the phantom to its original

voxelized form.

The software allows for selecting the desired compression thickness. However, this is con-

strained by the mechanical properties of the breast tissues.

3.1.3. X-ray imaging simulation. Mammography is a type of X-ray imaging spe-

cialized in detecting breast anomalies. Its functionality is based on the interaction of X-rays with

the different mammary tissues. On a mammography examination, as mentioned above, the breast

is compressed between two paddles. This helps image quality by preventing motion during the

imaging; it evens out the thickness of the organ, which helps reduce the scattering interactions;

and reduces the radiation dose the patient has to receive. All these conditions help improve diag-

nostic performance Poulos and McLean (2004); Robinson and Kotre (2008). The breast is then

irradiated from one side with low-energy X-rays between 22 and 49 keV Diekmann et al. (2007).

In digital mammography, the radiation that reaches the detector on the opposite side of the breast

is converted into a usable signal, and the image is stored digitally.

http://febio.org/
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As mentioned, mammography imaging captures the attenuated radiation that penetrates the

breast. According to Fresnel theory, when radiation interacts with a dielectric medium with a re-

fraction index greater than air, part of the radiation penetrates the medium, while a minor part

is reflected. The radiation that penetrates the medium is either absorbed or scattered. Once the

radiation is inside the medium, a way of studying its interaction with biological tissue consists

on considering several points that are characterized by physical properties, such as absorption and

scattering coefficients, that interact with the radiation Wang and Wu (2012). These attenuating

processes are responsible for the energy loss when radiation goes through a medium and are the

underlying phenomena that make it possible to characterize the different inner structures in a ra-

diographic image. They are, however, also a source of image degradation.

The main means of interaction for x-ray penetrating biological tissue are Rayleigh scat-

tering, Compton scattering, photoelectric absorption, and pair production. Their probability of

occurrence depends on the x-ray energy range used:

• Rayleigh scattering occurs predominantly at low diagnostic energies. In mammography,

it can account for more than 10% of attenuation Berggren et al. (2016). In this type of

interaction, there is no ionization, ejected electrons, nor change in wavelength.

• Compton scattering is the predominant scattering interaction on medical x-ray imaging. This

effect has a non-trivial contribution to image degradation since it reduces the perceived pri-

mary attenuation differences between the tissues; this is a loss in radiographic contrast. The

incident photon energy is divided between the ejected electron and the scattered photon in



EVALUATION OF FIELD CANCERIZATION IN PARENCHYMAL ANALYSIS 28

this interaction.

• Photoelectric absorption is the scenario in which the incident photon is completely absorbed

and an electron, named photoelectron, is ejected with the same energy as the incident photon,

minus the binding energy. The ionized atom re-stabilization results in an energy release,

either as characteristic x-rays or Auger electrons. Since there are no scattered photons, this

type of interaction does not degrade the image.

• Pair production is usually of no consequence in mammography since it requires high en-

ergy radiation. In this case, the incident photon is converted into an electron-positron pair.

The electron interacts and eventually becomes part of another atom, while the positron com-

bines with an electron in an annihilation reaction that results in high-energy electromagnetic

radiation.

We used the Monte Carlo x-ray transport simulation code MC-GPU Badal et al. (2021) for

breast imaging simulation. This code was validated via measurement of the Modulation Transfer

Function and comparing it to experimental results Badano et al. (2018); it was additionally tested

using a digital quality control phantom and an ideal pinhole camera and comparing with experi-

mental measurements Badal et al. (2021). Monte Carlo methods are computational algorithms used

to estimate the outcome of a stochastic process. The transport of photons on tissue is a quantum

phenomenon; hence the aforementioned processes, that are its working principles, are stochastic

in nature. To simulate photon transport, a specific number of photons are simulated in the desired

direction. The laws that govern the relevant interactions between these and the tissue are charac-
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terized by their probability distributions, and random sampling is used to decide the random path

that each ray will follow.

The mentioned process is as follows: each photon initial state is characterized by a specific

position r = (x,y,z), direction (given by the direction cosines) d̂ = (u,v,w) and energy E. On the event

of an interaction, a new set of these values is calculated and adjudicated to the photon, so that for

the n-th scattering event, the photon is in state [rn, d̂n, En]. The probability for the occurrence of the

interactions mentioned above is determined by E; the random variables: type of interaction, length

of the free flight, and scattering angle energy loss are randomly sampled from their corresponding

probability distribution function (PDF) Salvat et al. (2006).

The PDFs used to sample the properties that characterize the interaction depend on the

mean free path and nominal density of each tissue. To be able to simulate the photon propagation

process on the more than ten different tissues and elements that can be simulated using VICTRE,

the MC-GPU code uses the information contained in material files. These are files generated

with the computer code system Penelope-2006 Salvat et al. (2006). They contain information on

the mean free paths for Rayleigh, Compton, Photoelectric, and Pair production interactions for

different photon energies and the nominal material densities.

Finally, MC-GPU uses the following simplifications inside the simulated breasts regarding

the scattering events mentioned above, to increase the simulation speed: there are no secondary

electron transport after photoelectric or Compton interactions, and there is no fluorescence emis-

sion inside the body.

Besides the photon transport, MC-GPU deals with the x-ray source and the detection grid.
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The source is modeled as an extended source with a focal spot of 0.3mm, and the emission of

x-rays is approximated by sampling from a gaussian distribution. The simulated detector includes

a protective cover and anti-scatter grid, and binary random sampling is used to determine if the

photons that reach the other side of the breast are absorbed or transmitted through the cover and

grid.

3.2. Field cancerization model

As mentioned in section 2.2, the evidence shows that aberrations associated to field cancer-

ization are present beyond the margins of cancer malignancy, and they are believed to even predate

initial cancer signs. This evidence provides a starting point for the proposal of a model of field

cancerization, suggesting that our model should not be constrained to the volume occupied by an

average breast tumor, and that modifying the optical parameters of the tissues is a plausible route.

Additionally to the evidence already presented, some of the molecular aberrations of mam-

mary field cancerization have been observed to follow a radial trend. This is to say, the “intensity”

of the aberration observed in the histologically normal tissue diminishes with distance to the tumor

Ellsworth et al. (2004b,a); Heaphy et al. (2006); Cheng AS, Culhane AC, Chan MW, Venkataramu

CR, Ehrich M, Nasir A, Rodriguez BA, Liu J, Yan PS, Quackenbush J, Nephew KP, Yeatman TJ

(2015). These studies have not been performed in a way that could hint a more specific geometric

profile, and even under this circumstance, a direct translation between genetic aberration and a

characteristic susceptible of implementation in our model is unknown. However, the fact that the

alterations are not necessarily homogeneous but follow a radial trend, and them not being restricted

to a reduced area are important characteristics that we also take into account.
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We defined a model that conveyed the previous evidence, and would be implemented at

the phantom level. To represent the evidence in the change of the optical parameters described in

section 2.2 we introduced modifications in the form of scattering center, which would be distributed

in the whole breast volume in a non-uniform way. Based on the evidence of the modifications

intensity showing a radial tendency with respect to a cancerous lesion, we sampled the locations of

our scattering center from a probability distribution, which we built in two steps according to the

tissues considered:

First, for the majority of inner breast tissues, we defined a 3D normal distribution given by

the probability density function:

B (⃗r; µ⃗,Σ) = b(⃗r)N (⃗r; µ⃗,Σ) , (1)

where:

N (⃗r; µ⃗,Σ) =
1

(2π)d/2 |Σ|
−1/2 exp

[
−1

2
(⃗r− µ⃗)Σ

−1 (⃗r− µ⃗)T
]
, (2)

b (⃗r) =



0 i f r⃗ is outside of breast boundary or is duct,

1 i f r⃗ is inside of breast boundary but not duct.

(3)

in this equation, r⃗ ∈R3 is the variable and a spatial vector, µ⃗ ∈R3 is a vector that locates the focal
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point of the distribution, and Σ ∈ R3×3 is the covariance matrix. We did not assume correlation

between our spatial variables, so we used a diagonal matrix, hence the only non-zero elements are

σ2
x , σ2

y and σ2
z , where σ stands for the standard deviation in each Cartesian direction. We assumed

an isotropic distribution, which makes Σ a scalar matrix, with elements: σ2.

Since our area of interest is risk assessment, we proposed a model for field cancerization at

a stage that predates cancer signs, hence no cancerous lesions or micro calcifications were mod-

eled. Instead, we picked a random location inside the breast as the mean µ⃗ of our distribution of

scattering center.

For the second part of our model, we took a special consideration for one breast component.

Invasive ductal carcinoma is the most common type of breast cancer and it emerges from the cells

of the mammary ducts, for this reason we decided to give a preferential treatment to this breast

structure. We performed a similar operation to define the probability of the placement of the

scattering centers in the ducts structure, selecting the same µ⃗ as in the previous process:

D (⃗r; µ⃗,Σd) = d (⃗r)Nd (⃗r; µ⃗,Σd) , (4)

d (⃗r) =



0 i f r⃗ is not duct,

1 i f r⃗ is duct.

(5)

The covariance matrix of this normal density is also a scalar matrix, with diagonal entries:
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σ2
d . A 2D illustration of the probability distributions for each part of our model can be seen in

figure 4.

Figure 4. 2D representation of the probability functions from equations 1 and 4.

We implement the procedures involving equations 1 and 4 consecutively in each phantom,

hence our full field cancerization model has the density function given by:

FC (⃗r; µ⃗,Σ,Σd) =



N (⃗r; µ⃗,Σ) i f r⃗ is inside of breast and not duct,

Nd (⃗r; µ⃗,Σd) i f r⃗ is duct,

0 otherwise

(6)
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In summary, we transform a group of voxels into scattering center based on the density

function 6.

We assigned the optical properties of a cancerous mass to characterize these scattering

centers, this decision was based on the fact that the texture features of areas corresponding to tumor

in mammography are denser and coarser than healthy tissue. Additionally, there is also evidence

that, in the presence of field cancerization, areas of tumor and non-tumor show high percentage of

textural similarity Baughan et al. (2021), so introducing the same type of scattering center in the

breast phantom, albeit in a non-homogeneous way, will likely introduce coarseness in a broad area

of the resulting image. With the point of illustrating the differences between the optical properties

of the scattering centers and the different tissues where they were introduced, figure 5 shows the

the mean free paths × nominal density for the different events.

3.3. Generation of our digital cohort

3.3.1. Control group. Using the simulation tool described in section 3.1, we gen-

erated a cohort of 60 digital voxelized breast phantoms. We will refer to this set of virtual breast

phantoms as the original cohort, or controls. We simulated four different types of phantoms, ac-

cording to the four glandularity types determined by the Breast Imaging-Reporting and Data Sys-

tem (BI-RADS) Atlas 5th edition D’Orsi (2014). This categorization not only takes into account

the amount of relative fibroglandular tissue but also its apparent spatial distribution. To simulate a

realistic glandularity distribution in a human cohort, we imitated the distribution of a cohort used

in studies for screening mammography Pertuz et al. (2019a) to determine the number of breast

phantoms of each category. These categories and the proportion of our cohort they comprise are
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(a) (b)

(c) (d)

Figure 5. Mean free path × nominal density [g/cm2] for the different breast tissues and the scat-
tering centers (glandular) for the different interaction events: a) Rayleigh scattering, b) Compton
scattering, c) Photoelectric absorption, and d) Pair production effect. TDLU: Terminal duct lobular
units

dense (3%), heterogeneously dense (40%), scattered fibroglandularity (47%), and fatty (10%). An

example of phantoms from each category are shown in figure 6.

We compressed and imaged this original cohort of breast phantoms as described in sections

3.1.2 and 3.1.3. The mammographic view simulated was craniocaudal. The original mammo-

gram size is 3000×1500 pixels, and the pixel size is 85µm. The images were transformed from
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(a) (b) (c) (d)

Figure 6. Examples of the breast sizes simulated, in this case the size is related to the glandularity
type. The images conserve their real aspect ratios between sizes. a) Dense breast. b) Heteroge-
neously dense breast. c) Breast with scattered fibroglandularity. d) Fatty breast.

raw to DICOM format and cropped to sizes 2010×1000 (for dense and heterogeneous type) and

2010×1500 (for scattered and fatty), this distinction was made due to the differences in the origi-

nal images (see figure 7). Images were cropped to exclude the white border of each image, which

interfered with the consequent step of ROI selection. This set of images conforms our control

dataset.

3.3.2. Cases groups. We generated a series of cases by introducing our field can-

cerization model (section 3.2) on the compressed and cropped breast phantoms. We decided to

implement the model in the already compressed and cropped phantom for two reasons: first, there

is a significant amount of time required for the compression and cropping of the 60 phantoms (more

than 70 hours), and second, any modifications that affect the fatty and glandular tissues of the non-

compressed breast can lead to a different compressed breast thickness, which consequently affects

the resulting images, and the features extracted from them. Since our analysis is based on these

texture features, we strove to control any extra variable that could affect our simulated images, to

better observe the effect of the field cancerization model by itself.
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Figure 7. Conversion and cropping of the mammograms from raw to DICOM format. We use two
different sizes due to the differences in the original image due to the breast size.

The phantoms generation and compression were executed on a machine with Intel® Xeon(R)

W-2145 with 64GB RAM and the imaging through a GPU NVIDIA Quadro P2000, both in Ubuntu

20.04. Table 1 summarizes the simulation times for each phantom size and step. The cropping step,

not mentioned above, consists on the cropping of the original volume to exclude as many air voxels

as possible.
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Table 1. Computation times for the different phantom sizes.

Process
Average time [h]

dense heterogeneous scattered fatty
Phantom generation 0.8 1.5 3.0 4.4
Compression 0.4 0.6 1.2 1.8
Cropping 0.1 0.1 0.2 0.3
Imaging 0.5 0.7 1.1 2.5

3.4. Experiments

To determine the limit at which our field cancerization model is detectable, we performed

exhaustive experiments with the following ranges of parameters: σ from 5 to 35 [mm], σd from

5 to 100 [mm] and average number of scattering centers from 27 to 632 [S/mm3]. For discussion

purposes, we have singled out the three levels showcased in table 2, which represent three scenarios

of interest for our study: a level for which the field cancerization is not detectable (level I), a bor-

derline scenario (level II), and a scenario where the effect is detectable (level III). We differentiate

each level by their parameters, and assign them a letter for ease of reference.

Table 2. Parameters used for three specific modification levels.

Level σ [mm] σd [mm] S/mm3

I 35 50 47
II 35 50 317
III 35 100 632

After implementing each level of field cancerization, a number of voxels are transformed

into scattering centers. The percentage that these comprise out of the whole phantom volume is

presented in table 3, for the levels of modification singled out in table 2. Finally, table 5 shows an
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example per each breast type of the impact that these levels of modification have in the resulting

mammogram.

Table 3. Mean percentage of the total breast area that ended up being modified at each level for
each of the breast glandularity types simulated.

Level
Percentage modified [%]

average [%]
dense heterogeneous scattered fatty

I 1.1 0.7 0.5 0.4 0.6
II 6.7 5.2 3.1 2.1 3.9
III 12.8 9.9 6.6 4.9 7.9

3.5. Statistical analysis

As mentioned in section 2.1, computerised models for breast cancer risk assessment take

the parenchymal texture features extracted from the mammograms as input and produce an output:

the assessment. This means that the information that yields the performance of these methods

is encoded in the texture features of the image. Methods for computerised breast cancer risk

assessment using mammography are usually classification algorithms; if the data used to train

them, which is composed from cases and controls, has systemic characteristics or values that tell

them apart, the algorithm must be able to classify an unseen subject.

To assess the extent of our field cancerization model’s impact on the image texture features,

and determine if the model introduces changes that would be statistically significant, we performed

a series of tests between our control dataset and each of our cases. If our field cancerization

model induces systemic differences in the images and these are identifiable via the analysis of

these features, it would be sensible to think that elaborated classification models could use these

differences for risk assessment.
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Each of the following test is performed between the original 60 phantoms and the modified

cases after the introduction of field cancerization. Following this, each test is performed with a

datset of 120 images.

We selected a whole breast ROI (figure 1(a)) and extracted 33 parenchymal texture features

(see table 4) from each image of our datasets, using the Software OpenBreast, which is a clinically

validated software for processing digital mammography images Pertuz et al. (2019a).

3.5.1. Tests for statistical difference. We used three different tests that assess for

statistically significant differences. First, for texture features that follow a normal distribution, a

two-sample Student’s t test was used King and Eckersley (2019a). The null hypothesis assumes

that the variances and means of both samples are equal. For texture features that do not follow

a normal distribution, a nonparametric Wilcoxon Signed Rank test is applied, under the null hy-

pothesis that the distribution of the difference between the two samples comes from a distribution

with zero median King and Eckersley (2019b). Lastly, for all texture features, we used a two-

sample Kolmogorov-Smirnov (KS) test, which null hypothesis states that the texture feature in

both samples comes from the same continuous distribution function. These tests are performed by

comparing the p-value to the significance level selected.

3.5.2. Test for statistical equivalence. We used the KS test to assess for statistical

equivalence in the following way. The KS test calculates the maximum difference between the

cumulative distribution functions of the two samples. Being F1(x) and F2(x) the cumulative distri-

bution functions of the feature x in the control and case group respectively, the KS statistic is given

by:



EVALUATION OF FIELD CANCERIZATION IN PARENCHYMAL ANALYSIS 41

KS = max(|F1(x)−F2(x)|). (7)

Higher KS values indicate a greater difference between the two samples being compared.

This value by itself can be compared to a critical value that is used as an equivalence margin

Sheskin (2003). This way of using the KS statistic is designed to demonstrate equivalence between

two groups, which makes its interpretation essentially different from the KS test itself and from

other tests designed to demonstrate statistically significant differences Ahn et al. (2013).

3.5.3. Test for discriminability. A multinomial regression analysis with cross-

validation was performed to discriminate cases and controls James et al. (2013). As described

previously, parenchymal texture features are used to train supervised machine learning models for

the task of breast cancer risk assessment. We used this simple classifier to observe the discrim-

inability of our cohorts is a scenario similar to those of a real life trial. Lasso regularization was

implemented to perform feature selection and avoid overfitting Tibshirani (1996).
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4. Results

We performed KS test, t-test and Wilcoxon signed rank test, at a significance level of 0.05,

using the parenchymal features presented in Table 4. From the p-value of the KS test in Table 4,

only seven features (highlighted yellow and only at level III) had significant p-values, meaning we

could reject the null hypothesis, and the differences between the distributions of these features are

statistically significant between cases and controls. The p-value of the t-test and Wilcoxon test that

were below the significance level are highlighted in orange in Table 4. As expected, the number

of features for which the differences are statistically significant increases with increasing level of

field cancerization.
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Table 4. P-value of the KS test for each of he features evaluated and p-value of the similarity tests
performed on the features. These are divided by feature groups: Type I: Statistical features, Type
C: Co-occurence features, Type R: Run-length features, Type G: Spectral features.

Feature KS p-value Similarity test

abbrv. Name
Level Level

I II III I II III

Ty
pe

I

imin Minimum gray-level value 0.981 0.784 0.477 0.891 0.001 <0.001
imax Maximum gray-level value 0.981 0.629 0.784 0.304 0.849 0.560
iavg Mean gray-level value 1.000 0.345 0.039 <0.001 <0.001 <0.001
iran Gray-level range 0.981 0.784 0.477 0.449 0.034 0.006
istd Gray-level standard deviation 1.000 0.999 0.911 <0.001 <0.001 <0.001
ient Entropy 1.000 0.999 0.981 0.057 0.003 0.026
iske Skewness 1.000 0.629 0.039 <0.001 <0.001 <0.001
ikur Kurtosis 1.000 0.784 0.629 <0.001 <0.001 <0.001
ip05 5-th percentile 1.000 0.477 0.039 <0.001 <0.001 <0.001
ip30 30-th percentile 1.000 0.784 0.160 <0.001 <0.001 <0.001
ip70 70-th percentile 0.999 0.345 0.022 0.759 0.237 0.042
ip95 95-th percentile 1.000 0.784 0.345 0.832 0.455 0.133
iba1 Balance 1 0.999 0.345 0.064 <0.001 <0.001 <0.001
iba2 Balance 2 1.000 0.629 0.160 0.791 0.335 0.099

Ty
pe

C

cene Energy 1.000 0.999 0.999 0.948 0.894 0.869
ccor Correlation 0.999 0.999 0.981 0.885 0.914 0.783
ccon Contrast 1.000 0.784 0.345 0.331 <0.001 <0.001
chom Homogeneity 1.000 0.784 0.239 0.095 <0.001 <0.001
cent Entropy 0.999 0.999 0.981 0.914 0.885 0.715

Ty
pe

R

rrln Run-length non-uniformity 0.999 0.981 0.477 0.927 0.555 0.293
rgln Gray-level non-uniformity 1.000 0.911 0.981 0.873 0.680 0.544
rlre Long run emphasis 1.000 0.629 0.160 0.931 0.267 0.061
rsre Short run emphasis 1.000 0.784 0.160 0.985 0.295 0.078
rrpe Run percentage 1.000 0.784 0.160 0.948 0.285 0.066
rhgr High gray-level run 0.999 0.477 0.160 0.783 0.285 0.047
rlgr Low gray-level run 0.999 0.911 0.239 0.981 0.646 0.214

Ty
pe

G

sgra Squared gradient 0.999 0.629 0.345 <0.001 <0.001 <0.001
stev Gradient standard deviation 1.000 0.345 0.103 0.832 0.267 0.063
slap Modified laplacian 0.999 0.345 0.013 <0.001 <0.001 <0.001
swas Wavelet sum 1.000 0.345 0.013 <0.001 <0.001 <0.001
swav Wavelet variance 0.999 0.477 0.022 <0.001 <0.001 <0.001
swar Wavelet ratio 1.000 0.784 0.239 0.852 0.420 0.125
fdim Fractal dimension 1.000 0.784 0.345 0.860 0.548 0.335
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Figure 8. KS statistic and 95% CI, calculated with 2000 bootstrap iterations, for each feature at the
three different field cancerization levels considered. The vertical red dotted line is the equivalent
margin. a) Level I. b) Level II. c) Level III.

Comparison of the KS statistic to the similarity margin are shown in figure 8. In that figure,

the statistic and 95% confidence intervals (CI) were calculated using 2000 bootstraps. For level

I (Figure 8(a)), all features are equivalent between cases and controls. For level II (Figure 8(b))

all the point estimates of the KS statistic lay below the equivalence margin, however, some of

the CI cross it. When part of the CI lies outside the equivalence margin, the control sample is

not equivalent to the case sample, that is, there is no evidence of equivalence Ahn et al. (2013).

For level III, most of the CI in Figure 8(c) cross the equivalence margin; of these, ten feature

point estimates are above the equivalence margin, and includes all features that were statistically

significant in the KS test, see Table 4.
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Figure 9. AUC and 95% confidence intervals for the classification model using the different levels
of modification (X axis).

Regarding the regression analysis for the discrimination of field cancerization from parenchy-

mal features, Figure 9 summarizes the classifier performance for the tree levels of field canceriza-

tion considered. The only model that had a statistically significant performance was level III.

Performances using levels I and II were not statistically significant since the CI crosses the base-

line value of 0.5. Additionally, we implemented Lasso regularization within the regressor, however

only level III was fit for this process, where feature selection identified nine relevant features and

obtained an AUC of 0.89 (0.75 - 1.00).
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5. Discussion

In this study, field cancerization was modeled as non-local modifications spatially dis-

tributed around a foci. Following previous research findings about the behavior of field cancer-

ization Bugter et al. (2019); Cheng AS, Culhane AC, Chan MW, Venkataramu CR, Ehrich M,

Nasir A, Rodriguez BA, Liu J, Yan PS, Quackenbush J, Nephew KP, Yeatman TJ (2015); Damania

et al. (2012); Ellsworth et al. (2004a,b); Heaphy et al. (2006); Spicer et al. (2016); Subramanian

et al. (2009), its effect was modeled as a field of radially distributed alterations of the optical prop-

erties in the breast tissue. For the analysis of parenchymal features, we considered three scenarios

with increasing level of field cancerization (see Table 3), which we refer to as level I, II and III.

We used the t-test, Wilcoxon test and KS test to assess for statistically significant differences

between cases and controls, these results are summarized in Table 4. Level I, which introduces,

in average, modifications that span less than 1% of the total breast volume, only showed some

statistically significant results using the t-test (these are normally distributed features), meaning

that while the mean and variance of the distributions of cases and controls might be statistically

different, the same can not be said of the shape of their empirical cumulative distribution functions.

Level II, with a mean percentage of modification just below 4% of the total breast volume, showed

statistically significant differences using the t-test and Wilcoxon test. This can be interpreted in the

same way as in level I. Finally, at level III, where the modifications occupy in average 7.9% of the

breast volume, in addition to a high number of features showing statistically significant differences

by the t-test and Wilcoxon test, 6 features (highlighted in yellow) showed statistically significant
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differences on their cumulative distribution functions, by the KS test.

We used the KS statistic and an equivalence margin to test for equivalence between cases

and controls, these results are in figure 8. At level I, all of the features point estimates and CI lay

below the equivalence margin, in which case similarity can not be denied. These low values of the

KS statistic indicate that the differences between the cumulative distribution functions of the cases

and control features were not greatly impacted by this level of field cancerization. At level II, 8

features CI cross the equivalence margin, this is, in principle, evidence to say that these features

present non-equivalence. With field cancerization at level III, figure 8(c) showed that 30.3% of the

features point estimate were above the equivalence margin. This is a high percentage of features

that reject equivalence. This supports the affirmation that field cancerization at level III affects the

image to such extent that several of the parenchymal texture features differ from the original in a

statistically significant way.

We used multinomial regression analysis to test for the discriminability of the different

levels of field cancerization considered (Figure 9). At level I, the modifications due to the field

cancerization are not sufficient to allow for the discrimination of the images. At level II, the point

estimate is above 0.5, but the CI lower limit still lays just under this baseline. This can be seen as a

borderline case in which the consequences of field cancerization are reaching detectability. Finally,

at level III, the differences are sufficient for the classification to have a high performance, which is

also statistically significant. These results are consistent with our similarity and non-equivalence

tests.

At this point, it is worth to remark that the alterations due to field cancerization at level III
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Table 5. Each couple of rows is an exam-
ple of a type of phantom glandularity (from
top to bottom: dense, heterogeneous, scat-
tered and fatty). The top row of each pair
is the mammogram with different levels of
field cancerization for (from left to right:
levels I, II, and III). The bottom row of
each pair is the difference between the breast
with field cancerization and the correspond-
ing control. Differences are expressed as a
percentage of the maximum gray level inten-
sity of the original image. Intensities of dif-
ference images have been adjusted for visu-
alization purposes.
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are reached with modifications of percentages as low as 7.9% of the total volume of the breast

phantom. This might seem like a negligible amount of modifications, however the scattering

events, mainly of Compton nature, that result from this, suffice to have a greater impact in the

resulting image. As illustrated in table 5, it is noticeable how the mammograms with field can-

cerization at the different levels are indistinguishable from the naked eye, however the differences

are evident in the subtraction of the images. Level I results in very slight differences, while the

impact of level II is clearly perceivable yet, as discussed above, not sufficient. Observing the case

for level III, the comparison exhibits modifications that span the entire breast, suggesting, more

than non-locality, a compromise of the entire breast before field cancerization could be detectable.

Interestingly, the maximum difference in gray level reached for level III was of of around 2.2% of

the original image maximum gray level value. This reiterates the idea that field cancerization in

mammography is indistinguishable to the human eye, yet could be recognizable via computerized

analysis. These results, especially at level III, support the hypothesis that field cancerization intro-

duces changes in the radiological patterns of the mammograms, and these are evident via analysis

of the parenchymal texture features of the image.

However, the limitations of our study need to be taken into account in the interpretation of

these results. While the total volume of modifications were few in comparison to the total breast

volume, the scattering centers used were impactful in some of the tissues, due to their inherent

differences (see the differences between, for example, adipose tissue and scattering center tissue

in figure 5). This could be a concern taking into account that it is likely that the changes in the

optical parameters due to field cancerization are different in every type of tissue. In a real life
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scenario, the changes in the tissue parameters would be constrained by the nature of each of the

tissue types, whereas the changes in the tissue would likely not be restricted to scattering centers.

We consider that our model is a good first approximation in which we funneled large extensions of

modifications in smaller volumes.

We need to address the concern of introducing scattering centers of very high volume, due

to the randomness of the process of placing the scattering centers. Being a random process, the

localization of the scattering centers made clusters in some cases, the largest of which comprised

a volume of 11.7 [mm3]. We assumed a pseudo spherical arrangement of these clusters and trans-

lated this volume to a projected area to compare with the smallest lesion size segmented in the

mammography database INbreast Moreira et al. (2012). The area that our largest cluster com-

prised, 6.2 [mm2], which was still smaller than the smallest lesion in the database, 14.5 [mm2],

giving us confidence that we did not simulate clusters large enough to mimic detectable lesions.

Equivalence tests for features whose CI crossed the equivalence margin but with point esti-

mates below such margin warrant further discussion: These features are said to be non-equivalent,

however a bigger sample size could reduce the length of the confidence interval, resulting in equiv-

alence. This is the reason why we made the distinction between these features and those whose

point estimate was above the equivalence margin when discussing level III.

Along these lines, one of the limitations of this study was the size of the cohort. Although

the acquisition of synthetic data is usually faster than data from real patients, the simulation process

was still time-consuming (refer to table 1 in section 3.3). A larger cohort might have resulted in

more statistical power, which would benefit statistical analysis. This study was also bounded by
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the number of tissues allowed in the simulation software, limiting the field cancerization model

to the introduction of one type of scattering center with fixed properties. Notice, however, that

the generation of digital breast phantoms with these tissue types have been successfully used for

virtual clinical trials Badano et al. (2018).

The geometry of the changes of optical parameters of the tissue resulting from the field can-

cerization effect is a tricky subject. Its characterization would require extensive testing of human

breast tissue at numerous positions and the acquisition of these samples is not a trivial task, which

explains why the experiments found in the literature were performed at only a couple of positions.

If we wanted further evidence of the relationship of field cancerization and parenchymal analysis

performance for the assessment of breast cancer risk, the testing would also need to be performed

at the relevant wavelengths. Further research on the relation of the field cancerization effect and

the evaluation of breast cancer risk through parenchymal analysis is imperative to understand the

origins of the disease and the advantages it can have at the clinical level.
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6. Conclusions

We proposed a model of the field cancerization effect by means of the introduction of scat-

tering centers in an extensive volume of the breast. Using a virtual cohort of 60 normal breasts

(controls) and 60 corresponding counterparts modified with field cancerization (cases), we tested

several levels of field cancerization to find a configuration of parameters that would result in statis-

tically significant differences in the textural patterns of the resulting images. Through the analysis

of the parenchymal texture features of the image, we observed that, for an average amount of scat-

tering centers corresponding to 7.9% of breast volume, the simulated mammograms obtained from

these phantoms are not equivalent to those obtained from phantoms without field cancerization,

and these two groups of images are discernible using multinomial analysis.

The extended but relatively small percentage of somewhat strong scattering centers were

not perceivable by the human eye in the resulting mammograms, but performing a computerized

analysis showed that they produced an impact enough to have statistical significance. These find-

ings support our hypothesis of the feasibility of identifying breasts affected by field cancerization

through parenchymal analysis.
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