
A MULTISCALE MODEL FOR BREAST-CONSERVATIVE

THERAPY: COMPUTATIONAL FRAMEWORK AND CLINICAL

VALIDATION

A Thesis

Presented to

the Faculty of the Department of Computer Science

University of Houston

In Partial Ful�llment

of the Requirements for the Degree

Master of Science

By

Valentina Simonetti

August 2015



A MULTISCALE MODEL FOR BREAST-CONSERVATIVE

THERAPY: COMPUTATIONAL FRAMEWORK AND CLINICAL

VALIDATION

Valentina Simonetti

APPROVED:

Dr. Marc Garbey, chairman
dept. of Computer Science
University of Houston

Dr. Barbara L. Bass
dept. of Surgery
The Methodist Hospital Research Institute

Dr. Nikolaos V. Tsekos
dept. of Computer Science
University of Houston

Dean, College of Natural Sciences and Mathematics

ii



Acknowledgements

I would like to thank my advisor Dr. Marc Garbey for his expertise and imperishable enthusiasm,

and my tutor and friend Dr. Remi Salmon for his constant help and patience. I would like also

to thank my Italian advisor Dr. Giuseppe Baselli and the ATLANTIS program, that gave me the

unique opportunity to study in the USA and work for this project. I would like to express my

gratitude to all the memebers of the committee for their help and support, in particular to Dr.

Barbara L. Bass, without which this work would not be possible. I thank all my collegues and

friend from the laboratory, the hospital and the university for their concrete and phsycological

daily support. I thank also my family, my boyfriend, and my friends who are on the other side

of the Atlantic; they were able to sustain me in all the di�culties I had to face, despite time and

distance.

iii



A MULTISCALE MODEL FOR BREAST-CONSERVATIVE

THERAPY: COMPUTATIONAL FRAMEWORK AND CLINICAL

VALIDATION

An Abstract of a Thesis

Presented to

the Faculty of the Department of Computer Science

University of Houston

In Partial Ful�llment

of the Requirements for the Degree

Master of Science

By

Valentina Simonetti

August 2015

iv



Abstract

Breast cancer is the most common cancer among women worldwide and a�ects 12% of all the

women in the USA. There exist di�erent surgical approaches in order to defeat this kind of cancer:

the traditional mastectomy (Breast Removal Surgery) and the more recent Breast-Conservative

Therapy (BCT), whose goal is to preserve the breast contour and ameliorate the psycological

impact of surgery on the patients. This work aims to exploit the BCT �eld developing a 3D patient-

speci�c multiscale model that could predict the breast shape after lumpectomy, from surgery to

complete healing. This model consists of two parts: a hyperelastic Neo-Hookean Finite-Element

Model of the breast tissues and skin, and a Cellular Automata model that mimics the biology of

healing after surgery. The resulting multiscale model shows results that agree with our theoretical

assumptions and gives as outcome the breast contour after surgery depending on the anatomy of

the patient and the input from the surgeon. This work is, in fact, the result of an interdisciplinary

collaboration between surgeons, mathematicians and computer scientists. A clinical protocol that

involves patients eligible for BCT was developed in order to validate this multiscale model with

clinical data. The results obtained show the performance of the model and our �ndings based on

the data of the �rst patient who took part of the study. The model validation gave us an error of

maximum 2.5 cm for the surface comparison, which implies the need of further improvements. The

Cellular Automata model showed fairly accurate results with the preliminary data, but we need

more patients in order to obtain conclusions that are statistically consistent.
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Chapter 1

Introduction and motivation

Breast cancer is the most common cancer in women worldwide [23] and a�ects around the 12% of

the U.S. women over the course of their lifetime [51].

Signi�cant improvements have been made in terms of early detection of this cancer during the last

years; as a results of this, �elds like Breast Conservative Therapy (BCT) gained a crucial importance

in order to minimize the physical and psychological impact of surgery on the patient. With this

work we want to exploit this �eld implementing a model for breast that underwent lumpectomy and,

in this way, o�er a powerful and reliable tool able to predict the outcome of the surgery and improve

the process of surgery planning in order to achieve the best possible aesthetic result. Currently

there is nothing able to play this role and all the decisions rely only on the surgeon's experience.

1.1 Breast anatomy and breast cancer

Female breast is made of a collection of fat cells called adipose tissue, lobes composed by lobules

(small glands that produce milk), and milk ducts. Along with adipose tissue, there is a network of

ligaments, connective tissue, nerves, lymph vessels, lymph nodes, and blood vessels (Figure 1.1 ).
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Figure 1.1: Detailed breast anatomy.

Due to genetic and environmental e�ects, some breast cells can become abnormal, leading to ag-

gressive cell growth and formation of a tumor. Whether this tumor is malign it gets cancerous

and can a�ect surrounding cells, spreading inside healthy tissue. Breast cancer usually begins in

the lobules (Lobular Carcinoma) or in the milk ducts (Ductal Carcinoma) and can be diagnosed as

invasive (spread in surrounding tissue) or in-situ (localized in the area where it originated) [21].

Basing on the severity of mutation, malignant tumor are classi�ed in three di�erent grades consid-

ering how much cancer cells look like normal cells [30] (Figure 1.2):

� Low-grade, or well di�erentiated

� Intermediate-grade, or moderately di�erentiated

� High-grade, or poorly di�erentiated

Breast cancers di�erentiates also in terms of cancer stages [51]. Stage is usually expressed in a scale

that goes from 0 through IV, with stage 0 describing localized non-invasive cancers, and stage IV

describing invasive cancers that have spread to other parts of the body. Cancer stage is determined

considering four main factors:
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Figure 1.2: Histological samples of breast tumor tissue in the three di�erent grades. Left: low
grade, center: intermediate grade, right: high grade

� Size of the cancer

� Whether the cancer is invasive or not

� Whether the cancer is in the lymph nodes

� Whether the cancer has spread to other parts of the body

1.2 Surgical approaches to breast cancer

Surgical approaches to breast cancer are of two types:

� Mastectomy (breast removing surgery): complete removal of the breast (Figure 1.3 on the

left).

� Lumpectomy (breast conservative surgery): removal of the tumor mass (lump), as well as rim

of normal tissue around it (margins) (Figure 1.3 on the right).

Mastectomy is the most traditional approach and can be performed for any stage of breast cancer,

whereas lumpectomy can be performed just in case of lower stages cancer (stage I or stage II).

BCT consists of lumpectomy followed by moderate-dose radiation therapy in order to eliminate

any possible microscopic residual trace of abnormal cells. BCT allows the woman to preserve her
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Figure 1.3: Di�erent surgical approaches for breast cancer. On the left: mastectomy. On the right:
lumpectomy

breast and obtain an aesthetic outcome closer to the pre-operative one without the need of any kind

of prosthesis; however, sometimes, this surgery can result as asymmetry and deformities [8]. Most

of the time, patients require total mastectomy thinking that the complete removal of the breast

mass would avoid de�nitively the risk of cancer recurrence, but mastectomy does not guarantee

complete lack of local recurrence. Di�erent statistical studies regarding surgical approaches for

early-stage tumors tried to evaluate whether there are signi�cant di�erences between mastectomy

and BCT [46][14][6][62][1][5]: BCT showed same or even better results in terms of survival rates

and local recurrence of the tumor. Considering this evaluation, BCT is a really valuable alternative

for breast surgery that does not involve additional risk for survival and allows to obtain better

cosmetic aspect along with a better quality of life for the patient after surgery. At the moment just

surgical experience can try to predict the speci�c aesthetic impact of lumpectomy on the breast.

1.3 Biology of wound healing

Closure of wound in adults depends on cell mitosis and migration of cells, which led to the thickening

and restoration of tissue.

The process of closing of the cavity left by lumpectomy follows all the phases of acute wound
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healing, which are [37] (Figure 1.4):

� In�ammatory phase: as consequences of the tissue damage, we have vascular and cellular

responses: local vasodilatation and �uid extravasation in extravascular space produce signs

of in�ammation like swelling, redness, and heat. This condition usually lasts between 24 and

48 hours. Homeostasis plays a fundamental role during this �rst stage: platelets led to blood

coagulation and start the healing cascade releasing chemical mediators and growth factors

including transforming growth factor (TGF�a, TGF-b) and platelet-derived growth factor

(PDGF); growth factors stimulate cell proliferation, angiogenesis, and extracellular matrix

synthesis. Platelets also work as sca�olds for cell recruitment inside the cavity: neutrophils

and macrophages spread from capillaries inside the cavity and remove tissues debris and

bacteria.

� Proliferative phase: the major events of this phase are reepithelialization, angiogenesis

(creation of new vessels for blood supply) and �broplasia (reinforcement of damaged tissue).

Reepithelialization is the process of formation of a new protective layer of epidermis that pro-

tects the damaged tissue below. Fibroplasia is the process of �broblast proliferation, creation

of �brin clot, and production of collagen and proteins, which contribute to the formation of

granulation tissue. Fibroblast proliferation is in�uenced by growth factors and low oxygen

condition. Angiogenesis is the growing and spreading of new vessels inside the wound from

adjacent preexisting vessels; the development of new capillary vessels depends on cells and

kitochines present, and on the structure of the extracellular matrix that acts as sca�old sup-

port. Another signi�cant process that takes place during this phase is wound contraction:

this reduction of wound size is mediated by myo�broblast and starts producing e�ects around

the second week after wound formation.

� Remodeling phase: this phase can last up to two years. The extracellular matrix compo-

sition changes and collagen plays a key role in it. Collagen constitutes the 80% of normal

human dermis and provides structure, strength, and sti�ness to dermal tissue. In normal con-

ditions for adults, 80% of this collagen is type I collagen, whereas the 10% is type III collagen.
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During early acute wound healing, type III collagen is the predominant type synthesized by

�broblasts in granulation tissue (maximal secretion around 5 and 7 days). The maximum

amount of collagen is reached between the second and the third week after injury. After a

period of one year or longer the tissue returns back to its normal composition (mainly type I

collagen), reaching up to 70% pre-injury strength.

Figure 1.4: Wound-healing process as described in [37]

Understanding the processes involved in healing process is crucial in order to organize patient-

speci�c therapies that could shorten the time for functional recovery and prevent or reduce aesthetic

e�ects on tissues.

Mathematical modeling and computer simulation play a fundamental role in this �eld.
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1.4 Aim of the work

The aim of this work is to create a more-complete, �exible, and realistic version of a previous

multiscale model [22]. The previous model provides a long-time-scale prediction of breast shape

after tumor resection coupling 2D models for mechanic and biology, and taking into account just

the sagittal plane of the breast passing through the nipple assuming symmetry. The validation was

performed on one patient who underwent lumpectomy with a tumor positioned above the nipple

exactly on the sagittal plane passing through the nipple.

Along with the computational framework of a 3D Neo-Hookean Finite-Element (FE) model that

takes care of the mechanic of breast, we implemented a 3D Cellular Automata (CA) biological

model that mimics the biology of wound healing in order to simulate the closing of the cavity

left by lumpectomy: the resulting 3D multiscale model (Figure 1.5) has the aim of giving an

approximate prediction of the 3D surface of the breast after surgery without limitations regarding

the tumor position. The mechanical model is initialized using pre-operative MRI images of the

patient, whereas the biological model is initialized with a sphere that has the dimension of the

tumor mass.

As the result of a collaboration between mathematics, computer scientists and surgeons, this work

proposes also a clinical protocol for 3D validation of the general case and shows the results obtained

from a pilot study with a woman who has been selected to undergo BCT and has been treated in

Houston Methodist hospital.

7



Figure 1.5: Scheme that shows how the multiscale model works: the mechanical model reconstructs
the breast shape under gravity, computes the stress distribution around the cavity left by lumpec-
tomy, and sends it to the CA model of wound healing. The CA model uses the stress values in
every point of the space in order to set speci�c parameters, and gives back the shape of the cavity.
This process is repeated for di�erent time steps till the complete closure of the cavity.
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Chapter 2

State of the art

2.1 Mechanical models

Breast modeling consists of modeling adipose and glandular tissue, along with modeling the skin

that surrounds it. In both cases we have to describe soft-tissue deformations, which are non-rigid

and, thus, cannot be modeled with rigid transformations. FE methods, in particular hyperelastic

Neo-Hookean methods, resulted particularly e�ective in modeling large deformations of soft tissue

like breast tissue [11][18][13] [17][55][57]. The problem of building a mechanical model of the breast

can be decomposed in two sub-problems: create a mechanical model for adipose and glandular tissue,

and create a model for the skin envelope. Skin plays an important role in determining the breast

shape under gravity and its behavior is highly nonlinear, anisotropic, and viscoelastic [64][33][19].

Due to its characteristics, skin can be modeled using triangular or quadrilateral surface elements

[57] [17]. Hyperelastic models, such as neo-Hookean models, also appear e�ective in modeling the

skin behavior [25][36].
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2.2 Healing models

Understanding and modeling the complex process of wound healing can be a powerful tool for

optimization of surgery planning and recovery. The healing process is driven by so many di�erent

factors that is almost impossible to try to model the combined e�ect of all of them, considering also

that is virtually impossible to modulate each one of them in order to evaluate its e�ect during the

healing process. The literature o�ers di�erent kind of approaches [70], in terms of modeling, that

go from di�erential equation-based and agent-based models to tissue realistic and hybrid models.

Di�erential equation-based models

Modeling biological processes as wound healing using di�erential equations is probably the most

standard and classical way. There are three classes of equation-based models: models based on

ordinary di�erential equations (ODEs), models based on partial di�erential equations (PDEs),

and models based on the level-set method [52]. ODEs can describe the time dependence of the

wound-healing process but not its spatial variability, whereas PDEs and level set can describe

both. Di�erential equation-based models have been used in order to describe all the principal

phases of wound-healing [3][16][43], from in�ammation [63], to proliferation [4], and remodeling

[42]. Equation-based models are really important for a mechanistic point of view and also to have

an insight into biological processes and their dynamics. On the other hand, these models are not

suited for tissue-realistic simulations that are driven also by stochastic biological e�ects.

Agent-based models

Agent-based models (ABM) are discrete rule-based models which are well suited for spatial and

stochastic e�ect at cellular level. Agents of the models are the computational units (cells, molecules...)

which are driven by rules that are discrete approximation of real continous biological phenomena

[2]. These rules de�ne local instantaneous interactions between the units and can include proba-

bilistic components that determine stochastic biologic e�ects over the �nal outcome of the system
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as a whole. Due to their nature, ABM seem well suited for modeling wound healing and create a

link between basic medical knowledge and clinical strategies [20].

Hybrid models

Hybrid modeling is the result of a recent approach that involves the combination of di�erent compu-

tational models into a single simulation [40][69], like in [59],where ODE were used to de�ne certain

agent rules (low-level details), and ABM to describe the behavior of the high-level components of

the system.

2.3 Cellular automata

CA are discrete and local dynamic systems [66], introduced for the �rst time around 1950 by

Stanislas Ulam, John von Neumann, and Konrad Zuse.

CA are speci�c ABM with these characteristics [65]:

� Regular arrangement of cells of the same kind

� Each cell has a �nite number of states

� Cell states are updated simultaneously at discrete time levels

� Rules are deterministic and uniform in space and time

� Rules for one cell depend on its state and also on the local neighborhood of the cell itself

CA is a particular kind of ABM: each cell is a unit and undergoes speci�c rules designed for it.

Whereas general ABM can be lattice-free [10][68], CA needs a lattice with well de�ned geometry

[26][58][12]. CA models have been recently proposed in several biologic applications that deal with

result of interaction between microscopic units, like cells [41][44][9].
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2.4 Breast 3D surface imaging

�Three-dimensional (3D) imaging� refers to techniques, as Magnetic Resonance Imaging (MRI)

and Computed Tomography (CT), that process true internal data acquiring voxels (volumetric

pixels). On the other hand, the imaging process that measures and analyzes surfaces in 3D space

is called �3D surface imaging� (3D-SI). 3D-SI has been really important during the last years in

di�erent clinical studies, leading to the development of di�erent new technologies. A recent review

of Tzou et al.[61] compared �ve of the current 3D-SI technologies on the market which are currently

used in clinical environment: these systems can be divided in two groups that di�er in terms of

the surface acquisition methods used. This methods are of two types: structured light [50] and

stereophotogrammetry. 3D-SI, along with the above-mentioned technologies, have been validated

and used in the �elds of aesthetic, oncoplastic, and breast surgery [67][34][39][38], in particular for

BCT [47][28]. An extensive review about 3D-SI for breast surface assessment was made by O'Connell

et al. in 2015 [49]. The systems most used now in the clinical �eld are expensive, heavy, and bulky,

limiting the imaging process to a speci�c room. Some studies explored the possibilities of breast

3D-SI using smaller, more portable, and cost e�ective devices [29][54]. Particularly interesting for

our study is a work by Henseler et al. of 2014 [27], that validates the performance of the the Kinect

device from Microsoft [45] on three-dimensional estimated volume of di�erent breast prostheses.
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Chapter 3

Methods and protocol

As mentioned above, the result of this work is a 3D multiscale model of breast after lumpectomy,

from surgery to complete healing. The complete 3D multiscale model consists of two parts: a Neo-

Hookean FE mechanical model for the breast shape, and a biological CA model for wound healing.

We are going to describe both of them with a better inside view of the biological CA model for

wound healing.

3.1 Mechanical model

While the 3D CA model has been developed during this work, the mechanical model was developed

in a previous study by Salmon et al.[56].

This mechanical model is a compressible, isotropic, Neo-Hookean hyperelastic model which is par-

ticularly suited for soft tissue deformation, such as breast tissue. The model is initialized with

segmented and interpolated pre-operative MRI data of the patient where the tumor position was

manually selected by the surgeon (Figure 3.1). Using a FE method, it can reconstruct 3D meshes

of the patient breast that are made by tetrahedral elements for soft tissue and triangular elements

for the skin (shell elements). The volume obtained is the breast shape with zero gravity. After this

13



process, the model mimics the mechanical e�ect of gravity on the tissue applying the acceleration

vector on each point of the mesh (Figure 3.2). In order to obtain this result, it takes into account

these boundary conditions:

� No displacement of chest wall

� No displacement of top and bottom section of skin.

Figure 3.1: MRI of the breast on transverse, sagittal, and coronal plane, where the tumor was
located manually by the surgeon (red circles).
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Figure 3.2: Result of the breast reconstruction from MRI. The initial mesh is with zero gravity,
then we apply the acceleration vector to obtain the shape under gravity.

3.2 CA model for wound healing

The CA model for wound healing we present is implemented in Matlab and is a 3D evolution of

the 2D model presented in [22]. We built a CA based on simpli�ed biological rules that drive the

complex process of healing. A lot of questions are still open regarding this approach, indeed the aim

of this work is to obtain an initial phenomenological description that can be re�ned and validated

by clinical data.
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The CA is built on an hexagonal close-packed (hcp) lattice: this geometry allows the highest

density that can be obtained by arrangement of equal spheres [24](Figure 3.3) and it can model the

organization of cells in space. We could imagine it as the arrangement of cannonballs in a pile.

Figure 3.3: Hexagonal closed-packed geometry

The density of units is di�erent for the three axis, indeed we can describe the position of all the

sphere centers as:


2i+ ((j + k)%2)
√

3[j + 1
3 (k%2)]

2
√
6

3 k

 r (3.1)

That is the matrix containing the coordinates of all the spheres centers in space along x, y, and z

direction, where:

r: radius of the unit sphere
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%: modulo operator which, in this case, di�erentiates the cases where the line and the plane

considered are odd or even

i, j, k: indices starting from 0 to the the length of x,y, and z coordinate

Each position has 12 neighbors: 6 on the same plane, three above, and three below. All the positions

are equally spaced from the neighbors. Each site of the grid can be occupied by one cell or be free.

Behavior of cells depends on probability laws which are function of the position of the cell and its

neighbors, along with environmental conditions.

First environmental condition is the concentration of Tissue Growth Factor (TGF) near the wound

edge transported by the di�usion operator. Following Javierre et al. [32], concentration of TGF

follows the equation:

∂c

∂t
− ν4c+ λc = χal (3.2)

Where:

c: concentration of TGF

ν: di�usion rate of TGF

λ: decay rate of TGF

χal: unit step function equal to 1 inside a layer of �xed width around the wound edge, referred to

as an �active layer�, and 0 elsewhere

Second environmental condition is the mechanical strain energy acting around the wound edge

[31]. The mechanical strain energy E is calculated like in [60] as the e�ective stress seff times the

e�ective strain eeff as in Equation 3.3.

E = seff × eeff (3.3)
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seff and eeff are de�ned as:

seff =
1

2
1
2

{
(s1 − s2)2 + (s2 − s3)3 + (s3 − s1)2

} 1
2 (3.4)

eeff =
2

1
2

3

{
(e1 − e2)2 + (e2 − e3)3 + (e3 − e1)2

} 1
2 (3.5)

Where:

s1, s2, s3: principal stresses de�ned as the eigenvalues of the stress tensor

e1, e2, e3: principal strains de�ned as the eigenvalues of the strain tensor

The CA model obtains data and sends results to the mechanical model during all the virtual healing

process in order to integrate biological data (from mitosis and redistribution) and mechanical data,

in a loop that keeps running until the cavity is completely closed. For every iteration, the mechanical

model computes the value of strain energy in every point of the area around the cavity and sends

this 3D matrix to the biological model. The biological model interpolates this values of strain

energy in order to �t the hcp lattice, then uses them to drive speci�c phenomena that in�uence the

wound healing. A summary of the process is in Figure 3.4.
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Figure 3.4: Wound healing cycle where we can see the main stages of the CA model (inside the
dotted line) and the data it receives and sends to the mechanical model. The mechanical model
generates a 3D map of strain energy values around the area of the cavity (on the top right) and
sends it to the CA model, whereas the CA model sends back to the mechanical model the new
coordinates of the points of the cavity after one time step of the healing process. This process keeps
repeating till the 3D matrix that contains the coordinates of the points of the cavity is empty
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We are going to describe in details all the processes modeled inside the CA model, but we need to

introduce few notations:

Ω: computational domain, is a cube of dimensions Dx ×Dy ×Dz (Figure 3.5, left)

Ωwound: domain occupied by wound area (�lled sphere), centered in Ω (Figure 3.5, right)

Γ: wound edge (empty sphere)

ui: state variable of CA

ui =


0 no cell

1 cell

Each site ui has 12 neighbors uj , j ∈Mi.

The algorithm consists of four steps that we are going to describe in detail.

Figure 3.5: Left: hexagonal close-packed grid, which represent the domain. Right: points of wound
cavity after virtual lumpectomy. Both the graphs are in arbitrary units (a.u.).

Cell division at wound edge

This part models the process of mitosis at the wound edge. Each cell which is part of the wound

edge Γ has probability pedge of undergoing through mitosis. For each cell of Γ we compute ni ∈ [0, 1],

which is a randomly generated value from a uniform distribution. If the random probability results
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lower than the limit, there is mitosis: the new cell will be randomly positioned in one of the 12

neighbor positions which are inside the wound area (Ωwound). pedge is a free parameter we set to

0.05 (5% probability of mitosis). Algorithm 3.1 describes this process in detail and in Figure 3.6

we can see the result of the random selection of cells from the edge of the cavity.

Algorithm 3.1 Cell division at wound edge

if ui ∈ Γ and ni < pedge then
choose randomly j such that uj ∈ Ωwound, j ∈Mj and set unewj = 1

end if

Figure 3.6: Wound edge (red) with cells selected for division (black)

Cell mobility

Cells of the edge can migrate randomly to every adjacent free site due to di�usion for Brownian

motion. We can compute the probability distribution with the di�usion operator:
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∂t −4

In our case we have to compute the probability distribution pi ∈ [0, 1] of �nding a cell in that

location after a certain number of steps of di�usion; we used a P1 �nite element approximation of

the di�usion operator where the value of the speci�c site after one step depends on the value of the

site the step before plus a function of the values of the 12 neighbors that surround it (Equation

3.6). The initialization is the CA state variable ui that is 1 or 0.

pn+1
i = pni + λ

 1

12

∑
j∈Mi

pnj − pni

 , n = 0 . . . Nd − 1 (3.6)

Where λ is the di�usion coe�cient that we set with a value of 0.5.

Nd is the number of steps performed and is a free parameter that characterizes the motility of the

cells.

Figure 3.7 shows how, applying this algorithm to a single cell positioned at the center of the grid,

we have a circular shape for the probability levels of �nding the cell in that position after a certain

amount of time steps.

After the application of the di�usion algorithm, we obtain a 3D map of probability distribution

where each site of the grid has a value ∈ [0, 1]. We need to preserve the total number of cells we

have before di�usion, so we compute a level set with an algorithm that uses the number of cells as

a stopping factor (Algorithm 3.2). The level set obtained is the new edge of the wound after cells

redistribution. Nd, the number of time steps for the algorithm, is a free parameter.
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Figure 3.7: Probability map result of the application of the di�usion algorithm on one cell positioned
in the center of the hcp grid, with λ = 0.5 and Nd = 60. View of one plane.

Cell division inside active layer

As mentioned above, as considered in [32], we take into account the active layer, which is a thin

strip of cells around the cavity where we have di�usion of TGF from the edge of the wound through

the tissue, following:

∂c

∂t
− ν4c+ λc = χal (3.7)

c: concentration of TGF

ν: di�usion rate of TGF

λ: decay rate of TGF

χal: unit step function equal to 1 inside a layer of �xed width around the wound edge, referred to

as an �active layer�, and 0 elsewhere

Mitosis in the active layer is also in�uenced by local strain energy. In our case the local value for
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Algorithm 3.2 Redistribution algorithm

tA = 0
tB = 1
while

∑
unewi 6=

∑
uinitiali do

U0 = 1
2 (tA + tB)

unewi =

{
1 if pi ≥ U0

0 if pi < U0

if
∑
unewi >

∑
uinitiali then

tA = U0

else

tB = U0

end if

end while

strain energy is obtained from the mechanical model as shown in Figure 1.4, and results as a 3D

matrix of normalized energy values between 0 and 1 (Figure 3.8).

The �nal equation that drives the probability of mitosis in the active layer is:

pinside(ui) = F (ci)

(
α0 + α1

Ei

Emax

)
(3.8)

Where F (ci) is a cut-o� function of TGF concentration as [32]. In our case we considered:

F (ci) =


1 inside active layer

0 elsewhere

The second part of the multiplication re�ects two main e�ects: a �xed probability with the same

value of mitosis in the edge (α0 = 0.05 ), and another part that depends on the e�ect of strain

component around the wound edge (α1
Ei

Emax
, where α1 = 0.05, Ei: strain energy component for

that area).
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Figure 3.8: Example of normalized strain distribution around the wound area, where 0 is the center
of the cavity and the values of the axis are in mm

Cell redistribution

Once we have mitosis in the active layer, the new cell will exert hydrostatic pressure on the sur-

rounding cells, leading to a redistribution that has to maintain the equilibrium of the cells at the

micro-level. In our case the redistribution has to respect the particular hcp geometry of the lattice,

indeed, at the end of the process we need each position to be occupied, at most, by one cell. Simi-

larly to what we do for cell mobility, we create a new state variable umitosis
i , which corresponds to

the cells of the active layer that go through mitosis, indeed:

umitosis
i =


1 if ni < pinsidei

0 if ni > pinsidei

Where ni is randomly generated with uniform probability distribution.

Always similarly to the cell mobility step, we compute a level set after the application of the
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di�usion algorithm on the cells that are the results of mitosis (ui = 1) inside the 3D grid. The

number of steps for the di�usion has to be larger than the distance of the cell from the edge of the

cavity in order to guarantee that it results as a non-zero value inside the cavity (in our case we

chose Nd = Dx/2 ), the point with highest value should correspond to the shorter path the cell has

to reach the cavity. We consider the redistribution as a succession of cell shifts: if we choose the

shorter path we have a minimum number of shifts and a minimum amount of mechanical energy

spent. In order to avoid con�icts due to possible equiprobability, we introduce a white noise to the

probability value in each position of the cavity.

pi = pi + 10−3ni ni ∈ [0, 1]

The algorithm stops when we reach the same total number of cells of the beginning (Algorithm 3.3)

.

Algorithm 3.3 Cell redistribution

Application of di�usion algorithm on the matrix which is 1 if cell goes through mitosis, 0 elsewhere.
if ui ∈ Ω
noise = rand× 0.001
pi = pi + noise

end if

tA = 0
tB = 1
while

∑
unewi 6=

∑
umitosis
i do

U0 = 1
2 (tA + tB)

unewi =

{
1 if pi ≥ U0

0 if pi < U0

if
∑
unewi >

∑
umitosis
i then

tA = U0

else

tB = U0

end if

end while
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3.3 Validation of multiscale model

3.3.1 Clinical study

We performed an initial validation of the multiscale model on one subject who resulted eligible

for BCT in Houston Methodist Hospital. We designed an o�cial protocol for a pilot study that

allowed us to gather di�erent types of data regarding: tumor position and shape, breast surface,

visual satisfaction of the patient, and level of pain perceived. We used this information in order

to feed the model and validate it with real data. Here below a detailed description of the overall

protocol.

Protocol for validation

The protocol name is �A Pilot Study for the Identi�cation of Targets for Clinical Improvement in

Breast Conservative Therapy�. All the public information regarding this protocol are available in

[15].

The study is a pilot, observational study to record and measure the changes that occur during

treatment and healing for BCT in women with non-metastatic breast cancer for comparison to the

multiscale model of breast lumpectomy and healing in order to identify targets for improving BCT.

The primary objective of the study is the comparison and the possible validation of the multiscale

model, whereas secondary objectives are the evaluation of the 3D-SI methods, gathering information

related to the use of ultrasound (US) in order to assess changes in lumpectomy position and shape,

and describe the course of pain experience by the woman along with the satisfaction with breast

cosmesis after BCT, measured with the Visual Analog Scale of Satisfaction (VAS).

All the subjects have to respect some inclusion criteria:

� Adult females ≥ age 30 years

� Have early stage, non-metastatic breast cancer

� Planned to receive BCT
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� Have received pre-operative magnetic resonance imaging (MRI) within 30 days before surgery

� Planned to receive post-surgery radiotherapy by whole breast radiotherapy

� Signed informed consent form prior to any research assessment

The study has to follow a speci�c design consisting of di�erent visits of the patient, before surgery

and in speci�c moments of the healing process (Figure 3.9).

Figure 3.9: Study design

Data from the Operating Room

During the surgery we record di�erent data related to incision orientation, lumpectomy location,

tumor position, volume, and weight of the removed tissue. Using a graded cylinder �lled by saline

solution, we obtain the volume of the tumor mass computing the water displacement from the initial

baseline. The same procedure is repeated for all the margins removed from the cavity. The tissue

is sent to the pathology laboratory where is measured and weighted. At the end of the procedure

of tissue removing, before closing, the cavity is �lled by saline and the overall amount of solution

is recorded in order to gather additional information related to the volume of the cavity left after

tissue removal. At the end of the surgery the surgeon gives information regarding the type of suture

and, if there are, comments regarding the tissue, the tumor or the operation itself.
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Ultrasound acquisition

Each post-operative visit of the patient consist of 3D-SI of the breast and US acquisition of the

lumpectomy cavity in order to evaluate its position and dimensions. For the US acquisition we used

LOGIQe machine by GE Healthcare with the 12L-RS linear probe that has 39 mm �eld of view

and a 5-13 MHz bandwidth (Figure 3.10).

Figure 3.10: Left: LOGIQ e machine. Right: 12L-RS linear probe by GE

We assume the probe to be perpendicular to the skin surface at the moment of the image acquisition

and we assume also that the operator who acquires the images selects the image where the cavity

results bigger. We acquire two images of the cavity with the probe in perpendicular positions in

order to obtain an estimation of the dimensions of the ellipsoid we are approximating the cavity with

(Figure 3.11). In this way we can obtain an approximate value of the cavity volume at the moment of

the acquisition. Each value of the volume is recorded along with the volume data obtained from the

surgery and both are used for the �tting of the multiscale model and its validation. The di�erence

between the volume of tissue removed and the volume obtained by the �rst US acquisition is used

to set the healing speed of the model, whereas the volume values obtained during the following

visits are used to evaluate whether the biological model re�ects a reasonable physiologic behavior.
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Figure 3.11: From the top: ellipsoid that represents the cavity shape and two US acquisitions of
the same cavity with probe orientation at the moment of the acquisition

3.3.2 Surface acquisition and comparison

Following the design of the study, we perform 3D-SI of the breast before surgery and in di�erent

time steps after surgery. We use the pre-operative acquisitions in order to validate the mechanical

model resulting from the segmentation of the MRI data without the e�ect of the lumpectomy and
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the healing process. Post-operative acquisitions, along with US data, are used to monitor the e�ect

of the closure of the cavity on the breast contour and to validate the multiscale model that takes

into account the e�ects of the healing process.

3D-SI is performed using the Kinect system by Microsoft along with Recfusion, which is the software

that collects the inputs from the Kinect and reconstruct the surface of interest. The clouds of points

we obtain are then compared to those obtained from the model and this process is performed using

the software CloudCompare [53].

Kinect and Recfusion

The Kinect is a recording system by Microsoft (Figure 3.12 on the left) mainly used in gaming

industry with size of approximately 30 cm Ö 7.5 cm Ö 6.4 cm (w Ö d Ö h) and the weight of

approximately 1.4 kg. It is a physical device with sensing technology and is made of speci�c

components [45] (Figure 3.12 on the right) :

� An RGB camera (1280×960 resolution)

� An infrared (IR) emitter and an IR depth sensor. The emitter project IR light beams,

whereas the sensor reads the beams re�ected back by the environment, converting then into

depth information

� A multi-array microphone for capturing sound

� A 3-axis accelerometer that determines the current orientation of the kinect.

The device has a viewing angle which is 43°vertical by 57° horizontal, the vertical tilt range is

±27° and the frame rate for both depth and color stream is 30 frames per second (FPS). The

accelerometer has a 2G range, where G is the acceleration due to gravity, with a 1° accuracy upper

limit.

The IR emitter projects a well de�ned invisible pattern on the surrounding environment. This

pattern is acquired by the IR sensor which, knowing the distance from the source of the emission
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and the distance from the speci�c pattern, performs a triangulation and reconstructs a depth map.

Sunlight would destroy the speci�c pattern, as well as the use of multiple kinects, indeed we used

just one device indoor.

The depth map obtained by the kinect is sent to the software Recfusion. This software is based

on the KinectFusion approach [48] with some modi�cations: every new cloud point acquired is

registered to the current one using an Iterative Closest Point (ICP) Algorithm [7] that solves a

problem of minimization between the two entities. In Figure 3.13 we can see the result of the

reconstruction of the phantom surface made by Recfusion.

Figure 3.12: Top: Kinect device from Microsoft. Bottom: Kinect components
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Figure 3.13: Top: Recfusion graphic user interface at the moment of the volume acquisition. Bot-
tom: Recfusion graphic user interface after the volume acquisition and reconstruction

Kinect Validation

In the study made by Henseler et al. [27] the Kinect device was validate for clinical protocols

evaluating its accuracy and reproducibility in acquiring breast implants of di�erent volume. The

error never exceeded 10% the ground truth volume in all the experiments. We wanted to evaluate

again the device performance using a phantom both in static and dynamic conditions (breathing

simulation).

We took a pro�le picture of the phantom and, using the Camera Calibrator app for Matlab (Figure
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3.14), we could extract the intrinsic and extrinsic parameters of the camera. We had to feed the

program with 10 to 20 pictures acquired in di�erent positions of the phantom next to a regular

cessboard of well known dimensions, in order to extract the parameters. The software automatically

uses the intrinsic parameters in order to correct the image for the lens distortion and the extrinsic

parameters to compute the position of the camera in the real space at the moment when the picture

was taken.

Figure 3.14: Camera calibrator user interface where we can see: on the left, the list of pictures used
to feed the algorithm of calibration, in the center, the result of the cessboard detection, and on the
right, the histogram of the mean error for each image and its extrinsic parameters (position of the
camera in respect to the chessboard origin which is the top left corner of the chessboard itself).
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After this process we could extract the pro�le of the phantom from the undistorted picture and,

after a manual selection of the position of the nipple (that we consider as the reference), we could

retrieve the the tilting angles from the camera and the real dimension of the phantom (Figure 3.15

).

Figure 3.15: Phantom pro�le and tilting angles of the camera using the nipple as center of rotation

We proceeded with the surface acquisition of the phantom with the Kinect. In order to obtain a

better reconstruction we built a particular support for the device that stabilizes the acquisition and

allows a rotational movement around a speci�c object (Figure 3.16).
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Figure 3.16: Support for kinect that allows a rotational movement around the patient breast at the
moment of the surface acquisition.

We acquired the surface of the same phantom that we used for the pro�le extraction. What we

needed to do was to orient the resulting cloud point in the same position the phantom was at the

moment of the pro�le extraction, then we could project it, extract its pro�le, and compare it with

the one obtained from the calibration process. We used a box as reference at the moment of the

3D-SI; it gives us the horizontal plane and the plane where was the chessboard at the moment of

the pro�le extraction (Figure 3.17 (a)). After having selected the chessboard plane we selected the

area of interest of the phantom, we scaled it in order to obtain the real dimension and we oriented it

using the tilting angles obtained from the calibration (Figure 3.17 (b)). For the rotation we applied

3D rotation matrices for all the points. In this way we obtained a cloud of points which represents

the surface of the phantom and is oriented in the same position as it was when we extracted the real

pro�le: we could then project the cloud on the x-y plane and obtain its pro�le. We repeated this

procedure several times with di�erent surface acquisitions of the same phantom and we computed

the di�erence between the pro�le extracted from the calibration and the pro�le obtain from the

point cloud generated by the Kinect.
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Figure 3.18 shows a qualitative result of the comparison of the two pro�les, whereas Figure 3.19

shows the values of the mean error obtained from �ve acquisitions of the same phantom, both in

static and dynamic conditions (breathing simulation).

CloudCompare

CloudCompare [53] is a point-cloud-processing software that relies on an octree structure [35] and it

is developed in C++. The cloud point of the breast obtained with the Kinect and the one obtained

from the model are both loaded in the workspace of the software (Figure 3.20) where they are

registered and compared. The cloud point obtained with the Kinect is �rst segmented in order to

take only the area of interest, then it is scaled in order to match the real dimensions, using the data

from the MRI. The two clouds are then registered using a built in function that works with an ICP

algorithm [7]. The ICP algorithm needs two clouds that are already roughly aligned and uses one

of them as reference while aligns the other cloud to the �rst one by minimizing the squared errors

between the two entities. The algorithm does not need to specify any reference point on the clouds,

which is the reason why we chose it: the protocol does not allow us to put any kind of marker

on the patient and the breast shape does not show any clear natural reference that could be used.

Once the two cloud points are aligned, we could compute the di�erence between them in terms of

distance between the points along the normal of the reference surface.
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Figure 3.17: Process of orientation of the cloud point. (a) Reference selection on the cloud point
using regular box at the moment of acquisition. (b) Orientation of the cloud point using the nipple
as center of rotation and the tilting angles retrieved from the calibration process.

(a)

(b)
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Figure 3.18: Comparison of the 2 pro�les

Figure 3.19: errors: left static, right with breathing simulation

Figure 3.20: CloudCompare workspace where we loaded the result of the 3D-SI of breast

39



Chapter 4

Results

4.1 Validation of 3D CA

We wanted to asses whether our CA model was behaving as theoretically expected. In order to

do that, we tested the model feeding the algorithm with speci�c stress distributions: in stress free

conditions and with a speci�c pattern of stress. The results shown below are obtained using a

volume of dimension (in units) 60× 60× 60 with a lumpectomy radius of 20 units.

No-stress condition

We assessed the behavior of the 3D biological model in stress-free condition both to evaluate whether

the algorithm is behaving as theoretically expected (no predominant direction of closing), and to

obtain an initial simpli�ed model that could mimic particular physiological conditions where we

could assume that the stress plays a negligible role. Figure 4.1 shows the healing process of the cavity

for the three perpendicular planes that pass by the center of the volume in di�erent moments: right

after the virtual lumpectomy (perfect sphere), after 40 time steps and after 85 time steps, where the

cavity results almost closed. We can see how the three planes result having di�erent dimensions due
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to the nature of the hcp geometry (Equation 3.1). Figure 4.2 (a) shows the symmetric reduction

of the diameter of the wound for the three perpendicular planes and Figure 4.2 (b) shows how the

center of the cavity does not move signi�cantly from the initial position for all the three planes

during the healing process.

Figure 4.1: Evolution of wound closing in stress free conditions for the three perpendicular planes
that pass by the center of the volume. From top to bottom: initial condition, after 30 time steps
and after 85 time steps.
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Figure 4.2: a) Diameter (in units) of the cavity for the three di�erent axis passing by the center
of the cavity where we can see how the three axis have the same behavior. b) displacement of the
center of the cavity from the initial position, where we can see that the center of the cavity does
not move consistently from the initial position during the healing process.

(a)

(b)

Given stress pattern

We fed the model with a speci�c stress distribution which has the maximum value of stress for half

of the overall volume of interest (z < Dz/2), whereas the other half has zero level of stress. Figures

4.3 and 4.4 show the results for this con�guration.

42



Figure 4.3: Evolution of wound closing for the three perpendicular planes with maximum stress
value for the lower half of the volume and zero for the rest. From top to bottom: after 5 time steps,
after 20 time steps and after 55 time steps
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Figure 4.4: (a) Diameters (in units) of the cavity for the three di�erent axis passing by the center
of the volume where we can see how the three axis lost the symmetric behavior. (b) Diameters of
the cavity for the three di�erent axis passing by the center of the cavity, that changes coordinates
for every iteration, as shown in (c) .(c) Displacement of the center of the cavity from the initial
position.

(a)

(b)

(c)

4.2 Validation of the mechanical model

In order to validate the mechanical model of the breast we compared the breast surface obtained

feeding the mechanical model with the MRI data of the patient and the breast surface obtained

from the pre-operative 3D-SI obtained with the Kinect. The lumpectomy was not performed yet, so
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the pre-operative 3D-SI should re�ect the shape of the breast at the moment of the MRI acquisition

without any possible deformity due to the cavity and the healing process. Figure 4.5 shows the

result of this comparison.

Figure 4.5: Results of the comparison between pre-operative 3D-SI and outcome of mechanical
model without lumpectomy. The �gure shows di�erent views of the breast where the color of each
point represents the value of distance (signed) between the model and the reference in cm.

4.3 Rough validation in patient speci�c case

We performed a virtual lumpectomy on the mechanical model we reconstructed from the MRI of

the �rst patient who took part to the study. The patient had cancer located in the lower inner
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quadrant of the right breast. We positioned the tumor as decided by the surgeon during the pre-

operative surgery planning, and we initialized it to a sphere. Figure 4.6 shows what we obtained

performing a virtual lumpectomy with those characteristics on the reconstructed breast and then

applying gravity . The radius of the sphere was set using the data obtained from surgery: the

cavity left after surgery had a volume of 65cm3, so we set the radius of the virtual cavity to 2.5cm.

Figures 4.7, 4.8, and 4.9 show the results obtained from the simulation.

Figure 4.6: Sagittal view of the breast reconstructed from MRI data where we performed a vir-
tual lumpectomy with same characteristics of the patient-speci�c case, and where then we applied
gravity.

From US data obtained during the �rst and the second acquisition after surgery, we could estimate

the volume of the cavity during the healing process as shown in Table 4.1.

Table 4.1: Volume extimation of the cavity during time

Day after surgery Volume of the cavity[cm3] Radius of the corresponding sphere [cm]

0 60 2.5
13 34.5 2
43 8.5 1.3

Calibrating the healing speed of the model with the �rst two real values obtained from the patient

(0 and 13 days after surgery), we estimated the volume we would obtained for 43 days after surgery;
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we obtained a cavity radius of 1.17cm with a correspondent volume of 6.7cm3 . We have a di�erence

of 1.8cm3 between model and real values.

We tested the model evaluating the trend of the maximum value of the strain energy during the

healing process in two conditions:

1. Cell mitosis does not depend on strain energy (α1 = 0)

2. Cell mitosis depends also on strain energy (as in Equation 3.8)

Figure 4.10 shows the comparison between the two con�gurations.
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Figure 4.7: (a) Initialization of the mechanical model. (b) Result after 30 time steps. (c) Result
after 50 time steps.

(a)

(b)

(c)

48



Figure 4.8: Evolution of wound closing from the simulation initialized with real data obtained from
the �rst patient. View for the three perpendicular planes that pass by the center of the volume.
From top to bottom: initial condition, after 30 time steps and after 50 time steps
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Figure 4.9: (a) Diameters (in units) of the cavity initialized with real values, for the three di�erent
axis passing by the center of the volume. (b) Displacement of the center of the cavity from the
initial position.

(a)

(b)

Figure 4.10: Maximum strain energy values (in Joules) during the closing process in two conditions:
cell mitosis depends on strain energy (blue), cell mitosis not driven by strain energy (red)
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Chapter 5

Discussion and future developments

5.1 Validation of the CA model

The symmetric behavior we can see testing the CA model in stress free conditions (Figure 4.1 and

4.2) proves that the computational framework of the model is working as expected. Considering

stress free condition means cancel the e�ect of stress over the process of mitosis inside the active

layer; in Equation 3.8 the value Ei will always have zero value, therefore α1
Ei

Emax
will be null in

all the points of the active layer and the process of mitosis in the active layer will be driven just

by α0, resulting in a uniform probability distribution for cell division. The process of healing in

this condition will be the result of the combined e�ects of two uniform probability distributions:

cell division at wound edge and cell division inside the active layer without the e�ect of α1. The

expected theoretical result has to be symmetric along the three axes with some �uctuations due

to the stochastic component of the model. The results we obtained agree with these assumptions.

We made the same theoretical approach testing the model with a speci�c pattern of stress that is

maximum for z < Dz/2 and zero elsewhere; in this case the e�ect of α1
Ei

Emax
in Equation 3.8 will

be maximum for z < Dz/2 and null elsewhere, that means, the probability of mitosis for those

points that will have the coordinate z < Dz/2 will be higher than the others. The direct e�ect on
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the healing process has to be an asymmetry, in terms of closing speed, for the three di�erent axes;

this assumption is con�rmed by the results shown in Figures 4.3 and 4.4, where we can see how the

diameter of the wound along the z axis reduces faster and the position of the center of the cavity

moves upward.

5.2 Validation of the mechanical model

The results obtained from the comparison between the surface reconstruct from the mechanical

model and the pre-operative 3D-SI show an absolute error that is around the value of 2-3cm.

Considering the nature of the surface modi�cations that we are trying to detect and model, this

value is not small. The reasons that explain these results are mainly two:

� The nature of MRI for breast: the acquisition takes place in a particular type of MRI scanner,

where the woman is laying face down on a plate that has two circular holes where the breast

is positioned in order to be scanned. In case of big breasts, as our case, these holes exert a

pressure over the sides of the breast that leads to a deformation. This external compression is

not taken into account by the mechanical model and it can be a cause of the error obtained;

� The fact that we are running the simulation attributing average values for the mechanical

parameters (Young modulus and Poisson ratio), both for fat tissue and skin. These values

in�uence the �nal outcome and are patient speci�c.

In order to overcome these problems we are considering two possible solutions:

� Inverse, in the model, the e�ect of compression of the breast surface by the MRI scanner

during the acquisition.

� Initialize the model with the pre-operative 3D-SI data itself for the breast surface that can

be registered with the MRI data.
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By doing a registration between the breast surface obtained from the 3D-SI and the MRI data we

can solve the problems related to the artifacts due to the nature of the MRI scanner. This should

be followed by a calibration of the mechanical parameters using the pre-operative 3D-SI, solving a

minimization problem. This calibration will make the model even more patient-speci�c.

5.3 Rough validation in patient speci�c case

The tumor was located in the lower inner quadrant of the right breast and during the healing

process the cavity experienced higher level of strain energy concentrated mainly in direction of the

center of the breast, where probably the breast mass stretches more, due to the e�ect of gravity.

This distribution of strain energy leads to a displacement of the cavity center in the direction of

the center of the chest.

The approximation of the volume of the cavity for the 43rd day after surgery fairly agrees with the

value obtained from the US data of Table 4.1, but we need more values in order to give a result

which is statistically consistent.

The results obtained from the model testing the trend of strain energy values (Figure 4.10) in time,

agree with what obtained in [22] for the 2D con�guration of the same model: strain energy obtained

from the mechanical model shows a relaxation during the healing process if it drives cell mitosis in

the active layer. Not considering the e�ect of strain energy on cell mitosis (α1 = 0 in Eq. 3.8 ), the

trend of the strain energy does not follow a predictable pattern of relaxation.

5.4 Future developments

Algorithm optimization and parallel computing

The 3D multiscale model we implemented is a nice tool, but it needs future improvements in order

to be used systematically, mostly because the computational time is long (3 hours for a 60×60×60
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units volume). The system we are modeling is in three dimensions and the biological phenomena

that we are mimic require nested for loops, whose computational cost becomes consistent when

we start dealing with high number of units. In order to overcome this problem, we need a process

of algorithm optimization and code translation in a faster coding language, such as C. Along with

code optimization, we can signi�cantly reduce the time of computation using techniques of parallel

computing,as was done in [22].

3D US reconstruction

The 3D US reconstruction used for this work allow us to have a rough estimation of the volume

of the cavity and we could not try other more complex approaches due to the limitations of the

protocol: the patient has to sign a speci�c consent form where there is a speci�c description of

all the procedures that will be performed and all the devices that will be used, and we could not

modify easily this protocol. For the future development of the study we will need a more accurate

3D US reconstruction of the volume of the cavity that can give more precise information related

to the cavity position in the breast volume and its dimensions in a systematic way, that has to be

user friendly at the same time. In order to achieve this goal we could use a system that relies on

accelerometers, gyroscopes and magnetometers, that could keep track of the position and orientation

of the probe in the space. The machine used for this study had a built-in function for the 3D US

reconstruction, but the algorithm behind does not give accurate results, since it does not take into

account the speed of movement during the acquisition.

Statistical analysis

The clinical trial for the validation of the model [15] is still taking place at the Houston Methodist

Hospital and plans to gather data from an overall amount of 12 patients eligible for BCT. This

collection of information will make possible a statistical analysis which will determine whether the

outcome of the model is consistent, or whether it needs further improvements.
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Graphic user interface

Once the model will give us consistent and robust results, it will need to become systematically

usable by surgeons. The idea is to build a software capable of performing a �Virtual Lumpectomy�,

where the surgeon loads the MRI data of the patient, and obtain a 3D reconstruction of the breast.

The surgeon should be able to change the mechanical parameters of the tissues, along with the

position, size, and healing speed of the virtual lumpectomy, and obtain a likely approximation of

the �nal outcome of the surgery. We already developed a prototype of this software for the previous

2D model: Figure 5.1 shows the interface of the software.
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Figure 5.1: (a) User interface of the �Virtual Lumpectomy� software, where the user can load the
MRI data from the patient �les, select the center of the lumpectomy, the radius, and the healing
speed. (b) Outcome of the simulation, where the user can see the result of the virtual surgery
during the healing process, and obtain an approximation of the time of healing.

(a)

(b)
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