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ABSTRACT

BREASTIS: A SOFTWARE TOOL FOR FLEXIBLE BREAST
MRI ANALYSIS

Magnetic resonance imaging of breast provides valuable information about

breast tissue composition. A common breast MRI protocol may include dynamic con-

trast enhanced (DCE) MRI, diffusion weighted MRI (DWI) and proton MR spectro-

scopic imaging (1H-MRSI). There have been several software tools that can analyze

each of these data types separately. In this study, a flexible and open-source post-

processing software called ‘BreastIS ’was developed to analyze DCE-MRI, DWI, and

1H-MRSI and store them in a database for further exploration. BreastIS image pro-

cessing software was implemented using MATLAB and the graphical user interface was

developed using MATLAB GUI and Java. The software could be run on Windows, Mac

and Linux computers. A retrospective study was conducted to test the suitability of

the analysis algorithms of BreastIS tool for the use with clinical dataset. DCE-MRI

data of 16 and DWI data of 6 breast cancer subjects were analyzed with BreastIS.

For DCE-MRI analysis, the semi-quantitative parameters such as early and maximum

percentage enhancement, signal uptake pattern and maximum pixel intensity were

calculated for healthy and tumor regions of each subject. For DWI analysis, mean

and maximum apparent diffusion coefficient (ADC) values were calculated for tumor

and healthy regions of each subject. A Mann-Whitney rank sum test with Bonferroni

multiple comparison correction was applied to find statistically significant differences

between healthy and tumor regions. Maximum and early percentage enhancements and

maximum pixel intensity were higher (P<0.001), and mean ADC values were lower in

tumor regions (P=0.002). The DCE-MRI signal uptake pattern displayed wash-out in

tumor regions. The sample analysis results indicated the suitability and usability of

BreastIS tool for analysis of clinical breast MRI datasets.

Keywords: Breast cancer, MRI, post-processing, software analysis tool development.
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ÖZET

BreastIS: MEME MRG ANALiZ YAZILIMI

Manyetik rezonans görüntüleme (MRG) meme kanserinin teşhisi ve takibiyle il-

gili oldukça faydalı bilgi sağlamaktadır. Günümüzde meme MRGâde genellikle dinamik

kontrastlı MRG (DKG), difüzyon ağırlıklı MRG (DAG) ve proton MR spektroskopik

görüntüleme (1H-MRSG) teknikleri kullanılmaktadır. Bu görüntüleme tekniklerinin

analizlerini ayrı ayrı yapabilen farklı yazılımlar bulunmaktadır. Bu çalışmada tüm

bu tekniklerin analizini yapabilen esnek ve açık kaynak kodlu BreastIS görüntü anal-

izi yazılımı geliştirilmiştir. BreastIS görüntü analizi yazılımı MATLAB kullanılarak

programlanmıştır, ve kullanıcı ara yüzü MATLAB GUI ve Java kullanılarak geliştir-

ilmiştir. Windows, Linux ve Mac işletim sistemlerini desteklemektedir. Tasarlanan

yazılımın analiz ve görüntü işleme algoritmalarını ve klinik veriye uyumluluğunu test

etmek için retrospektif analizler yapılmıştır. DKG analizleri için 16 meme kanseri has-

taya ait MRG ve DAG analizleri için de 6 meme kanserli hastaya ait MRG BreastIS

yazılımı kullanılarak analiz edilmiştir. Analizler sonucunda tümörlü ve sağlıklı doku

arasındaki farklılıkları saptamak için hesaplanan parametrelere Mann-Whitney sıra

toplam testi uygulanmıştır. DKG analizleri sonucunda hesaplanan sinyalde ortalama

yüzde artış, erken evrede artış yüzde artış gibi parameterler tümörlü ve sağlıklı doku

için istatistiksel olarak anlamlı farklılıklar göstermiştir (P<0.001). DAG analizleri

sonucunda hesaplanan ortalama görünen difüzyon katsayısı tümörlü ve sağlıklı doku

için istatistiksel olarak anlamlı farklılıklar göstermiştir (P=0.002).

Anahtar Sözcükler: Meme kanseri, meme MRG, analiz yazılımı, dinamik kontrastlı

MR görüntüleme.
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1. INTRODUCTION

Breast cancer is the name of any type of uncontrolled growth and proliferation

of cells in human breast. Mostly the cancerous tissue forms lumps or tumors in the

affected area. It is one of the most common types of cancer diagnosed in women

worldwide and it is also the second leading cause of cancer death in women. Lifetime

risk of developing breast cancer for a woman is approximately 12.8% based on 2014-

2016 data of National Cancer Institute of United States [5]. It means 1 of 8 women

will be diagnosed with breast cancer once in her lifetime. This information indicates

the importance of monitoring breast tissue with non-invasive imaging modalities.

Mammography and ultrasound are widely used imaging modalities in clinics to

detect breast cancer. On the other hand, the potential of mammography to detect an

abnormal lesion is highly dependent on the tumor size, the tissue density and also the

ability of the radiologist to administer the screening and to read the results [6]. Also,

it is less likely to detect the tumor in patients younger than 50 due to having denser

breast tissue appearing brighter in mammogram [6]. It makes it harder to detect such

lesions and results in possible false positive diagnosis in such patients, since brighter

tissue resembles tumor-like structures. Therefore, the inefficiency of mammography to

detect breast cancer in such cases, creates the need for alternative diagnostic imaging

modalities like MRI. Magnetic resonance imaging (MRI) is a non-invasive imaging

modality that only uses a combination of main magnetic field, gradient fields and RF

pulses to create high resolution breast images. While, low energy X-rays are essential to

create a breast image in mammography, MRI provides a safer alternative with no need

for ionizing radiation. Therefore, diagnosis with MRI is highly preferable compared

to mammography and ultrasound, due to its safety and higher spatial resolution and

sensitivity.

The fundamental diagnostic breast MRI protocols include fat suppressed T1 and

T2 weighted MRI, dynamic contrast enhanced (DCE) MRI, diffusion weighted MRI
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(DWI) and proton magnetic resonance spectroscopic imaging (1H-MRSI). Each one of

these MR modalities provide diagnostic information in terms of tissue characterization

as healthy, benign or malignant. There are several software tools available for analysis

of these different MR modalities [3-6]. However, there is a need for a flexible software

tool capable of post-processing and analyzing all of these techniques within the same

software. The main purpose of this thesis study is to develop a flexible and extensible

analysis and post-processing software tool specializing in breast MRI to be used for

research purposes.
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2. BACKGROUND

2.1 Breast

2.1.1 Anatomy

Breast includes mammary glands in mammals, and it is located over the chest

wall. Its main duty is the milk production and breast feeding in females. Breast tissue

is mainly circular in base and it is around 10-12cm [7]. Its weight may vary between

150-500g depending on its lactating state and the physical properties of the individual

like age [7].

Female breast mainly consists of fibrous, glandular and fatty tissue (Figure 2.1)

[8]. Fibrous and glandular tissue is mostly known together as fibro-glandular tissue,

and it is the combination of lobes, ducts and connective bands inside the breast. The

rest is filled with fats and it is called fatty tissue which mainly determines the breast size

in women. There are approximately 15-20 glands called lobules that are responsible for

milk production and the produced milk is carried out to the nipple through ducts [8].

Breast cancer is one of the leading causes of death in women, and it is almost always

observed in lobules, lobes or ducts (i.e. in glandular tissue) depending on its type [9].

Magnetic resonance imaging (MRI) is commonly used in breast cancer imaging due to

its use of non-ionizing radiation, high spatial resolution and sensitivity.

2.2 Magnetic Resonance Imaging

The fundamental diagnostic breast MRI protocols could assess the anatomy,

metabolism, and vascularity of breast cancer. While fat suppressed anatomical T1 and

T2 weighted MRI could provide contrast for visualization of breast structures, dynamic

contrast enhanced (DCE) MRI provides information about the contrast uptake charac-
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Figure 2.1 Female breast anatomy [1].

teristics within the breast. Diffusion weighted MRI (DWI) gives information about the

free water movement pattern, and proton magnetic resonance spectroscopic imaging

(1H-MRSI) provides metabolic information.

2.2.1 Dynamic Contrast Enhanced MRI

Dynamic contrast enhanced (DCE) MRI is performed after an injection of a

contrast agent to track the signal changes within a slice of interest over time (Figure

2.2). T1-weighted images of the interested anatomical region are acquired at multi-

ple time points to follow up the contrast uptake pattern after the injection. Mostly

gadolinium-based contrast agents are administered in DCE-MRI [10]. In tumor regions,

the injected contrast agent causes a T1 shortening or contrast enhancement, which al-

lows to detect the suspicious lesions. The major goal of DCE-MRI is to observe and

track the time behaviour of this enhancement. The percentage enhancement (PE) is

quantified by using the following formula [11].
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PercentageEnhancement = ((Spost − Spre)/Spost)x100 (2.1)

where Spost is the signal intensity after and Spre is the signal intensity before the contrast

agent administration. Signal intensity - time curves, also known as kinetic curves, are

produced for each voxel to analyze the enhancement characteristics of the tissue. There

are several patterns that kinetic curve in breast could follow as shown in Figure 2.3.

In kinetic analysis, an initial rapid uptake of enhancement together with a washout of

signal in later phase indicates malignancy, while slow initial rate of enhancement with

a persistent increase in later phase corresponds to benign process [12].

Figure 2.2 A sample dynamic contrast enhanced MRI of breast [2].

Besides the visual assessment of pre and post-contrast and difference images,

DCE-MRI also provides semi-quantitative assessment of kinetic curve shape character-

ization, percentage enhancement (PE) and time-to-peak (TTP) parameters.

2.2.2 Diffusion Weighted MRI

Diffusion weighted MRI (DWI) mainly measures the Brownian motion or mobil-

ity of water molecules. It indirectly senses the biophysical characteristics of the tissue

like cellular density and membrane integrity by measuring water molecule displacement

along a chosen direction. The movement of water molecules is not random between
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Figure 2.3 Kinetic curve patterns after contrast agent administration [3]. The assessment is based
on both the initial phase and delayed phase signal uptake patterns.

tissues, and it is directed by tissue membranes and other cellular structures. Therefore,

diffusion is inversely proportional with the tissue cellularity and integrity [13], and it

creates an opportunity to assess tissue characteristics by measuring diffusivity property

of water molecules.

The main advantage of DWI is that it does not require any contrast agent injec-

tion. Additionally, it has a short scan time due to its lower spatial resolution compared

to anatomical MRI. DWI is performed by applying diffusion gradients in three orthog-

onal directions. The degree of diffusion sensitization, also known as diffusion b-value,

is calculated by the Stejskal-Tanner equation as follows [13]:

b value = γ2 ×G2 × (∆ − δ/3) in s/mm2. (2.2)

where γ is gyromagnetic ratio of proton, G is the amplitude of diffusion sensi-

tizing gradients, δ is the duration of each diffusion gradient, and ∆ is the time interval

between diffusion gradients. Water molecules that move in between the application of

the two diffusion sensitizing-gradients could not be rephased properly, and as a result,
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the signal intensity is reduced in high diffusivity areas. On the other hand, a higher

signal intensity is expected when the diffusion is restricted in the region of interest

(ROI). To analyze diffusivity, at least two sets of DWI needs to be acquired with low

(mostly b=0 s/mm2) and high b-values. There is an exponential relation between base

low b-value image and high b-value image as given below [13].

S(b) = S0 × e−b.D. (2.3)

where S(b) is the DWI with high b-value, S0 is the DWI with low b-value, b is

the diffusion b-value and D is the diffusion coefficient. To calculate apparent diffusion

coefficient (ADC), or D, equation 2.3 could simply be solved for two signals acquired

with different b-values.

The movement of water molecules is often anisotropic due to neighboring cellular

structures. DWI could be expanded to diffusion tensor imaging (DTI) when diffusion

sensitizing gradients are applied in at least six different directions for high b-value to

measure this anisotropy. When multiple gradients are applied, the diffusion parameters

need to be fit to the formula below to calculate diffusion tensors.

Sk = S0 × e−b.gTk .Dgk . (2.4)

where Sk is the signal when diffusion the gradients are applied at a specific direction,

S0 is the signal without any diffusion sensitizing-gradient, b is the b-value, Dgk is the

diffusion coefficient as a function of directions, and gk = [Gx Gy Gz] is the specific

diffusion gradient direction.

After diffusion tensors are calculated by fitting the diffusion parameters to the

equation 2.4, eigenvalues are calculated as follows [14].
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D =


Dxx Dxy Dxz

Dyx Dyy Dyz

Dzx Dzy Dzz

 =


λ1 0 0

0 λ2 0

0 0 λ3

 (2.5)

Afterwards, fractional anisotropy (FA) and mean diffusivity (MD) of DTI can

be calculated based on these eigenvalues as follows [14]:

MD =
λ1 + λ2 + λ3

3
(2.6)

FA =

√
(λ1 − λ2)2) + (λ2 − λ2)2) + (λ1 − λ3)2)

2(λ21 + λ22 + λ23)
(2.7)

FA and MD maps are generated by using the formula in equation 2.6 and 2.7 for

each voxel. MD (also known as ADC) is the measure of mean diffusion in each voxel,

while FA represents a measure of anisotropy.

2.2.3 Proton Magnetic Resonance Spectroscopic Imaging

Proton magnetic resonance spectroscopic MR imaging (1H-MRSI) is a noninva-

sive imaging technique, which provides information on chemical composition of tissue.

1H-MRSI technique acquires an MR spectral signal of a localized region, and the spec-

tral signal is composed of various metabolites at different resonating frequencies. Multi-

voxel and single-voxel 1H-MRSI are both acquired for breast screening purposes. Voxel

localization is important to have the signal from the right tissue, and localization of

data acquisition are mostly performed with techniques like point resolved spectroscopy
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(PRESS), stimulated echo acquisition mode (STEAM), or localized adiabatic selective

refocusing (LASER).

The chemical content of tissue allows for the characterization and differentiation

of healthy and tumor regions in an area of interest. Therefore, 1H-MRSI has an im-

portant role in cancer imaging and breast cancer detection. 1H-MRSI studies of breast

cancer point out to an increased level of total choline containing compound (tCho)

in tumorous tissue (Figure 2.4) [15, 16, 17]. tCho peak is located at 3.20 ppm in a

spectrum. It is a composite of various metabolites. Major contributing composites are

free choline at 3.19 ppm, phosphocholine at 3.21 ppm, and glycerocholine at 3.21 ppm

and minor contributing composites are phosphoethanolamine at 3.23 ppm, taurine at

3.25 ppm, glucose at 3.26 ppm, and myoinasitol at 3.27 ppm [15]. Choline is mostly

related with proliferative activity of cells, and the studies revealed that increased cel-

lular density in malignant lesions might be the main cause of increased level of tCho

levels [[18, 19]. Therefore, choline is a biomarker for differentiating malignant lesions

from benign or healthy tissue.

Figure 2.4 A sample 1H-MRSI spectral signal spatially located at a voxel of an invasive ductal
carcinoma (IDC) [4].

Lipid and water are two major composites appearing at the spectra depending

on the tissue characteristics. In breast 1H-MRSI, lipid and water peaks are expected to
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appear at 4.7 ppm and 1.3 ppm, respectively [22]. However, these two major metabo-

lites are in much larger concentrations than the other smaller metabolites, like choline

and creatine. That is why, water suppression is essential for breast 1H-MRSI acquisi-

tion.

To quantify metabolite levels, area under the peak (or integral) between a given

ppm limits, the peak intensity at a specific ppm value, or signal-to-noise ratio (SNR)

of a metabolite of interest could be calculated. Relative ratios of different metabolites

like, choline/creatine are also used as a metabolic measures.

2.3 Literature Review

2.3.1 DCE-MRI of Breast

There are several studies in the literature on MRI of breast tissue. The gen-

eral target of these studies is to classify an ROI as malignant or benign with various

techniques. For the evaluation of breast lesions with DCE-MRI, a rapid initial signal

uptake in enhancing lesions at early post-contrast phase was suggested to be corre-

lated with tumor presence in several early studies [20, 21, 22, 23, 24]. Later, Kuhl et

al. indicated that signal enhancement kinetics differ in malignant and benign breast

lesions, and classified intensityâtime curves of 266 enhancing breast lesions as type 1

(steady enhancement), type 2 (plateau), and type 3 (washout) [12]. Also, a significant

enhancement in early post-contrast phase was stated as an indicator of malignancy

by Kuhl et al. In another study, Szabo et al. evaluated kinetic curves of 109 verified

lesions to construct a scoring system, and found out that time-to-peak is one of the

most important features to determine malignancy [25]. Lehman et al. evaluated 33

breast lesions at 50%, 80% and 100% enhancement thresholds with a computer as-

sisted analysis software [26]. The study confirmed that false positive diagnosis rates

were reduced by 33% at 80% enhancement threshold, and by 50% at 100% threshold.
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2.3.2 DWI of Breast

Guo et al. was one of the first groups to assess the use of DWI to distin-

guish malignant breast lesions from the benign ones [27]. Their study assessed 52

histopathologically proven breast lesions and concluded that ADC values of DWI were

strongly correlated with cell density, such that ADC might be an effective parameter

in characterizing breast lesions. In several other studies, ADC of malignant and benign

lesions were compared. It was stated that ADC was lower in malignant breast lesions

compared to the benign ones and ADC was a concluded to be a useful parameter to

differentiate malignant and benign breast lesions [28, 29, 30, 31]. Partridge et al. evalu-

ated if fractional anisotropy differed in malignant lesions to assist tumor discrimination

using 105 breast lesions [32]. According to their study results, FA values of cancer was

apparently lower than healthy breast tissue, therefore FA was stated to be helpful in

cancer detection along with ADC. In another study by Jiang et al., ADC and FA values

were analyzed together in 88 breast lesions to compare pathological tumor types. Jiang

et al. concluded that ADC and FA values were statistically significantly different in

malignant and benign lesions, but FA was still in controversy to detect cancer without

ADC [33]. A group of studies assessed ADC value to predict tumor response to cancer

therapy and confirmed that increase in ADC after administering therapy was a marker

of tumor response to treatment [34, 35, 36, 37].

In a metaâanalysis study of Chen et al, diagnostic accuracy of DWI with ADC

measurements of 964 lesions was evaluated, and it was concluded that quantitative DWI

analysis was a more reliable tool than DCE in terms of characterizing breast lesions

as malignant or benign with sensitivity and specificity of both 84% [37]. Additionally,

several other studies confirmed that adding DWI to DCE-MRI could improve the true

diagnostic capability [38, 39, 40].
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2.3.3 1H-MRSI of Breast

The power of 1H-MRSI for distinguishing breast tumors were assessed on multi-

ple studies. Baek et al. evaluated the relationship between choline levels and DCE-MRI

parameters, and found out that tissues with higher choline levels also had increased

washout rates in DCE-MRI [41]. Shin et al. acquired single voxel 1H-MRS to deter-

mine tumor aggressiveness on newly diagnosed breast cancer patients [42]. That study

used tCho containing compound SNR, absolute tCho containing compound peak inte-

gral, and normalized tCho containing compound peak integral for tumor classification.

In general, elevation in choline levels was associated with tumor proliferative activity

and was used as an indicator of malignancy [17, 43].

Several recent breast MRSI studies focused on predicting early treatment re-

sponse in breast cancer. In a study by Jagannathan et al., in vivo MRS results of

67 women with malignant breast lesions were used to evaluate the ability of MRS to

predict the response to neoadjuvant chemotherapy (NAC) [44]. Reduction or absence

of tCho peak following the treatment was observed in 89% of patients with a high

sensitivity. Following studies confirmed that reduction in tCho level could be helpful

in predicting response to cancer therapy and efficiency of the treatment [45, 46, 47, 48].

2.3.4 Software Tools for Breast MRI Analysis

Up to now, there have been various software tools available for analysis of each of

these breast MR imaging techniques separately for both research and clinical purposes.

Some of these existing software packages are ROCKETSHIP [49] for parametric DCE-

MRI analysis, UMMPerfusion [50] for perfusion MRI analysis, jMRUI [51] and SIVIC

[52] for 1H-MRSI analysis, and Statistical Parameter Mapping (SPM) [53] and FMRIB

Software Library (FSL) [54] for DWI and some other analysis. Each of these software

packages mainly focuses on a certain analysis technique or a single MRI modality, like

SIVIC for 1H-MRSI.
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3. MATERIAL AND METHODS

3.1 BreastIS Tool Development

BreastIS is a newly developed tool in our laboratory that offers a flexible way

to analyze and process breast MRI data (Figure 3.1). It was designed to serve as a

basic analysis tool for research and educational purposes. Despite its main focus being

breast, it is also applicable to every other anatomical region of the body.

Figure 3.1 Logo of BreastIS.

3.1.1 Implementation

BreastIS image processing software was implemented using MATLAB 2018a

(The Mathworks Inc., Natick, MA) environment, and the graphical user interface was

developed using MATLAB and Java. The software could be run on Windows, Mac and

Linux computers. All the necessary documentation regarding the program including

the source code, readme file with detailed description of each component and user man-

ual are available at Github page for academic use (https://github.com/Computational-

Imaging-LAB).
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It was packaged as a MATLAB application, which can be installed as a separate

toolbox (Figure 3.2). After the installation, it is listed within other MATLAB toolboxes

(Figure 3.3).

Figure 3.2 A screenshot of the installation file.

Figure 3.3 A screenshot of MATLAB toolbox list with BreastIS icon in red box.

3.1.2 Architecture and GUI Description

BreastIS was designed and implemented as separate modules providing separate

processing and analysis for different purposes. Divided modules also allows for an easy

implementation of new components for further development. Figure 3.4 shows the
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schematic architecture design of BreastIS as separate main modules and submodules.

Data module has the user interface to import and store DICOM images of each patient

as .mat files in the database. Basic analysis and visualization module provides a viewer

for DICOM images and basic ROI based analysis. It is also a data transfer module

between data module and other submodules for specific purposes. There are four

submodules existing for modality based analysis and post processing of acquired MRI

data. They all have separate user interfaces based on the specific needs of their analysis.

Figure 3.4 A schematic architecture design of BreastIS showing separate modules.

3.1.3 Detailed Specifications

The BreastIS software supports DICOM format for analysis. It was designed to

include the basic features of a PACS system, plus various MRI data analysis routines.

3.1.3.1 Data Module. Data module has the user interface to access and manage

the database of the software. It imports and stores DICOM images. Then, the software

allows the user to create separate workspaces for each patient or each study, and stores

multiple series of images in different datasets under the corresponding workspace. The

imported MR images are stored as .mat files in dataset directory for future access. It

allows the export of DICOM images of chosen dataset to analysis and visualization



16

module for post processing and analysis. Figure 3.5 shows the user interface of the

data module.

Figure 3.5 The user interface of the data module allowing access and management of the database
and patient data. The left panel shows workspaces created for each patient. The middle panel shows
all datasets of the corresponding workspace. The right panel shows all the DICOM images under the
corresponding dataset.

3.1.3.2 Basic Analysis and Visualization Module. Basic analysis and visu-

alization module provides a viewer for anatomical MR images like T1 weighted and,

T2 weighted MRI, or images acquired with other techniques. It allows the user to

define a specific ROI, and provides some basic analysis results such as mean, maxi-

mum and minimum pixel intensities, standard deviation, and histogram of the pixel

intensities for that region (Figure 3.6 and 3.7). It also allows access to DICOM infor-

mation of images. It is also capable of handling basic DCE and 1H-MRSI analysis,

but detailed analysis of these sequences are available in submodules. Basic analysis

and visualization module is also a transition module between database and analysis

submodules.

3.1.3.3 DWI Analysis Submodule. DWI analysis submodule provides a bridge

to the SPM [53] toolbox of MATLAB for DWI processing, which then calculates appar-

ent diffusion coefficient (ADC), fractional anisotropy (FA) and mean diffusivity (MD)

maps. Since diffusion is restricted in tumor regions, these maps could then be used to
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Figure 3.6 The user interface of Basic Analysis and Visualization main module. a) A sample DCE-
MRI data with a chosen ROI named as lesion 1. Besides the filename, manufacturer, and MR sequence
details, the left panel provides the information regarding a chosen pixel, and the right panel shows
information regarding the marked ROI features, such as area, mean, maximum and minimum pixel
intensities. b) The pixel intensities of the marked ROI. c) The histogram of the pixel intensities within
the chosen ROI.

assess tumor presence. Therefore, mean FA, MD and ADC values could be obtained

for user defined ROIs to compare suspicious regions with healthy appearing regions.

All derived maps could be saved to workspace directory for future use.

3.1.3.4 DCE-MRI Analysis Submodule. For DCE-MRI analysis, intensityâ-

time curves and percentage enhancement curves could be generated for a user defined

ROI to track the time course of the MR signal. Morphological and kinetic parametric
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Figure 3.7 User interface of BreastIS software showing multiple ROIs.

maps like signal uptake pattern (persistent, plateau, washout), maximum and early

percentage enhancements (%), and time to peak maps are created in this module.

User defined ROI analysis could also be conducted to compare the signal patterns of

suspicious and healthy appearing regions, since tumor regions display a specific signal

uptake pattern. The program suggests There is also a function in the program that

could identify malignant characteristics of a chosen ROI based on its early enhance-

ment rate. The criteria to differentiate malignant from benign is based on a study

of Kuhl et al. [12]. An early-phase enhancement at the first time point of less than

60% was accepted as slow uptake and benign process, between 60-80% was accepted as

intermediate, and more than 80% was accepted as fast uptake and malignant process.

All derived maps could be saved to the patient workspace directory.

3.1.3.5 1H-MRSI Analysis Submodule. The 1H-MRSI data analysis submod-

ule provides a detailed voxel based analysis of the spectra (Figure 3.8). It provides

options for water suppression, high pass and low pass filtering, and zero order and

first order phase correction for the spectra. Peak intensities and integrals could be

calculated for a user defined frequency range, and different metabolites like Cho, cre-

atine (Cr), lipid (Lip) and N-acetyl aspartate (NAA). Metabolite maps could also be
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generated. Calculated metabolite maps could be saved to the workspace directory as

an Excel file and a .mat file. 1H-MRSI analysis submodule utilizes some functions of

FID-A [55] toolkit to read and process Siemens DICOM data before the analysis.

Figure 3.8 A sample single-voxel 1H-MRSI data of a healthy subjectâs brain viewed by BreastIS
1H-MRSI submodule.

Figure 3.9 User interface of BreastIS showing SNR calculation.

3.1.3.6 Post-processing Filtering Submodule. Post processing filtering sub-

module provides signal to noise ratio (SNR) calculation to assess the quality of acquired
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images (Figure 3.9). This module could also correct coil inhomogeneity effects on im-

ages when coil sensitivity maps are uploaded. Figure 3.10 shows an example original

phantom image acquired with a single channel breast RF coil (a) along with its coil

sensitivity profile (b), and the intensity corrected image (c). Figure 3.11 shows an ex-

ample edge detection algorithm result with the corresponding slice of breast MRI with

tumor. Also there are options to apply high pass filter, low pass filter, Gaussian filter,

and median filter for noise removal, edge detection or to modify the image contrast

(Figure 3.12).

Figure 3.10 Original phantom image (a), coil sensitivity profile (b), and corrected and filtered image
(c).

Figure 3.11 A sample breast MRI (a) with malignant lesion and edge detection algorithm results
(b) applied within BreastIS.
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Figure 3.12 A screenshot of detailed view of post-processing and filtering submodule .

3.2 Data Acquisition and Analysis

3.2.1 Subjects and Data Acquisition

A sample clinical breast MRI dataset was obtained from the Department of

Radiology of Ege University, and the data were retrospectively analyzed. The MRI data

were acquired with a breast coil at a Siemens 3T Verio system. The dataset consisted

of DCE-MRI data of 16 subjects with breast cancer. The acquisition parameters of

DCE-MRI were, TR=4.86ms, TE=1.78ms, slice thickness=1mm, matrix size=384-by-

384, and FOV=28cm. The in-plane resolution of DCE-MR images was 0.73mm at

each direction. The dataset also included DWI MRI data of 6 patients with breast

cancer. The data acquisition parameters of DWI were, TE=0.76ms, and TR=10.5ms,

FOVx=19.8cm, FOVy=44.0cm, and slice thickness=3.3mm. The diffusion b-values

were b=0 and b=1000 s/mm2.

For 1H-MRSI data analysis, we did not have a breast MR spectral dataset, so

we employed our processing software routines on a multi-voxel healthy human brain
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1H-MRSI data. This dataset was acquired on a 3T Siemens Trio scanner and the

acquisition parameters were, TR/TE = 2000/35ms, matrix size=16x16, number of

spectral data points=1024.

3.2.2 DCE MRI Analysis

DCE-MRI analysis was performed for each patient, and two ROIs were defined

by an expert radiologist for a healthy appearing region and a suspicious lesion. The

kinetic parameters of DCE-MRI, such as maximum and early percentage enhancement

(%), mean signal uptake pattern, and mean of maximum pixel intensities were calcu-

lated for each ROI with BreastIS . The signal uptake pattern was ranked as 0 for no

significant signal enhancement, 1 for a plateau, 2 for a persistent, and 3 for a washout

pattern observed in the intensity-time.

3.2.3 DWI Analysis

DWI analysis was performed to calculate ADC maps with BreastIS software by

using diffusion weighted images of b = 0 and b = 1000 s/mm2. The resultant ADC

maps were then masked by using the anatomical reference MR images of the same

patient. Two ROIs were defined for a healthy appearing region and a suspicious lesion.

Mean and maximum ADC values were calculated for each ROI.

3.2.4 1H-MRSI Analysis

1H-MRSI data was read and viewed with the BreastIS software. After water

suppression, apodization, and phase correction, the metabolite peak integrals and ratios

were calculated and metabolite maps were generated for critical metabolites for the

brain, which were Cho, Cr, NAA, and Lip.
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3.2.5 Statistical Analysis

A Mann-Whitney rank sum test was applied to assess the statistically signifi-

cant DWI and DCE-MRI parameter differences between tumor and healthy ROIs. The

DCE-MRI parameters included the maximum and early percentage enhancement (%),

mean signal uptake pattern, and the mean of maximum pixel intensities. The DWI

parameters evaluated were the mean and maximum ADC values. Bonferroni multiple

comparison correction was applied to adjust P -value since multiple analysis were con-

ducted with the same dataset. For DWI parameters P -value of less than 0.05/2 was

considered as statistically significant, while for DCE-MRI parameters P -value of less

than 0.05/4 was considered as statistically significant.
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4. RESULTS

4.1 DCE-MRI Analysis

The maximum and early PE, signal uptake pattern and maximum signal inten-

sity were statistically significantly different between healthy and tumor regions for this

limited patient population (P<0.001) (Table 4.1). The mean (± std) early enhance-

ment percentage was higher in tumors (67.9 ± 36.6%) than healthy regions (2.2 ±

2.1%). Maximum enhancement percentages were also higher in tumor regions (139.8

± 39.4%) than healthy areas(18.6 ± 11.1%) (Figure 4.1). The tumor regions displayed

washout and plateau in most voxels, while mostly no signal uptake was observed in

healthy regions. Also, the mean maximum pixel intensity in kinetic curve was higher

in tumors (320.5 ± 115.2) than healthy areas (Figure 4.2) (144.0 ± 118.9).
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Table 4.1
Maximum and early percentage enhancement (%), mean signal uptake pattern and mean of maximum pixel intensities of healthy regions and suspicious

lesions calculated from DCE MRI series of sample dataset, and Mann-Whitney rank sum test results.

Subject No
Early Enhancement (%) Maximum Enhancement (%) Signal Uptake Pattern* Maximum Pixel Intensity

Healthy Lesion Healthy Lesion Healthy Lesion Healthy Lesion

1 4.10 56.77 58.45 96.08 0.15 1.52 58.45 201.26

2 7.38 69.42 56.19 169.81 0.20 1.86 56.19 363.71

3 5.87 60.52 14.92 126.40 0.70 1.84 150.82 174.21

4 0.18 21.94 1.26 81.13 0.04 1.29 119.42 226.76

5 0.18 62.30 0.46 171.14 0.02 1.50 66.44 189.14

6 3.01 84.76 12.06 198.44 0.30 1.67 75.44 194.79

7 0.20 10.91 0.33 155.68 0.04 2.00 255.68 269.43

8 3.65 86.63 5.24 138.79 0.17 1.72 69.31 297.22

9 1.08 85.83 4.41 172.14 0.09 1.32 74.83 387.22

10 2.52 106.00 5.14 122.89 0.17 2.57 99.65 520.50

11 2.64 167.64 9.68 219.94 0.42 2.13 197.15 535.52

12 0.76 52.97 1.92 137.20 0.03 1.24 60.82 302.73

13 0.49 45.56 0.59 93.96 0.20 1.11 523.07 344.74

14 0.23 31.43 0.76 97.91 0.32 5.42 0.06 1.88

15 0.32 66.99 1.82 117.41 0.12 3.49 0.02 2.35

16 2.58 78.23 3.76 138.03 1.03 4.51 0.37 2.21

P -values P<0.001 P<0.001 P<0.001 P<0.001



26

* 0 = no signal uptake, 1 = persistent, 2 = plateau, 3 = washout.

Figure 4.1 Mean and maximum percentage enhancement calculated for healthy and tumor ROIs
(*P<0.05/4).

Figure 4.2 Maximum pixel intensity in a kinetic curve and signal uptake pattern calculated for
healthy and tumor ROIs (*P<0.05/4).

Figure 4.3 shows sample kinetic curves for a chosen ROI generated during DCE-

MRI analysis of a subject with breast cancer, and Figure 4.4 shows DCE parametric

maps for the same subject.
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Figure 4.3 DCE-MRI data (a) of a subject with breast cancer, and kinetic curves (b) of a defined
ROI with washout.

4.2 DWI Analysis

The mean (± std) ADC values were lower in tumors (0.98± 0.13 x10-3 mm2/s)

than the healthy regions (1.66±0.19 x10-3 mm2/s) (P=0.002) (Table 4.2). However,

the maximum ADC values were not found as statistically significantly different in

tumor regions (1.79±0.51 x10-3 mm2/s) compared to healthy regions (2.46±0.10 x10-3

mm2/s) (P>0.05/2) (Figure 4.5).

Table 4.2
Mean and maximum ADC values (x10-3 mm2/s) of healthy regions and suspicious lesions calculated

from DWI data of the sample clinical dataset, and Mann-Whitney rank sum test results.

Subject No
Mean ADC Maximum ADC

Healthy Lesion Healthy Lesion

1 1.82 0.95 2.40 2.22

2 1.80 0.94 2.58 1.24

3 1.37 1.17 2.61 2.51

4 1.85 1.07 2.41 1.43

5 1.52 0.97 2.41 1.42

6 1.61 0.80 2.37 1.91

P -values 0.002 0.03

Figure 4.6 shows a sample ADC map (a), the ADC intensities plot of a selected
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ROI (b), and ROI based DWI parameters (c) calculated with the BreastIS software.

4.3 1H-MRSI Analysis

1H-MRSI data visualization of a healthy subject with BreastIS tool is provided

in Figure 4.7 and 4.8. Sample metabolite maps for choline, creatine, NAA and lipid

are shown in Figure 4.9. The calculated voxel-wise Cho/Cr and NAA/Cr ratios and

their maps are given in Figure 4.10 and Figure 4.11.
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Figure 4.4 A sample DCE-MRI analysis. a) Original MRI (left) with a chosen ROI and maximum
PE map (right), b) TTP map, c) signal uptake map, and d) calculated parameters of the defined ROI.
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Figure 4.5 Mean and maximum ADC values calculated for healthy and tumor ROIs (*P<0.05/2).

Figure 4.6 A sample ADC map (a), ADC intensities plot (b), and ROI based DWI parameters (c)
calculated with BreastIS software.
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Figure 4.7 The anatomical brain MRI of healthy subject (a) and the corresponding multi-voxel
1H-MRSI data (b).

Figure 4.8 BreastIS user interface of 1H-MRSI analysis submodule. Sample single voxel 1H-MRS
data is shown with highlighted choline (in red), creatine (in black), lipid (in green) and NAA (in light
blue) metabolites.
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Figure 4.9 Lipid, choline, creatine and NAA maps of a healthy human brain generated with the
BreastIS software.
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Figure 4.10 A screenshot of Cho/Cr ratio map and its corresponding numerical values of a healthy
subjects brain generated with BreastIS software 1H-MRSI submodule.
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Figure 4.11 A screenshot of NAA/Cr ratio map and its corresponding numerical values of a healthy
subjects brain generated with BreastIS software 1H-MRSI submodule.



35

5. DISCUSSION

BreastIS was designed as an image processing and analysis tool for breast MR

images in this work. Unlike other software alternatives available in the literature, the

BreastIS software tool was designed to be flexible, and it is a combined data analysis

tool for post-processing and analysis of various MR modalities like DWI, DCE-MRI

and 1H-MRSI. Although the current scope of this software is breast MRI analysis, it

could easily be applied for MR image analysis of other anatomical parts of the body.

Currently, there are several other software alternatives for MR image processing

like FSL [54], SPM [53], SIVIC [52], and ROCKETSHIP [49]. All of these software

tools have distinct scopes and address various needs in MR image and signal pro-

cessing. Their comparison with BreastIS in terms of MRI data analysis capabilities

are given in Table 5.1. ROCKETSHIP is a MATLAB based DCE-MRI analysis tool.

It provides pharmacokinetic model analysis and parameters, while BreastIS generates

semi-quantitative maps of maximum and early PE, signal uptake pattern, and TTP on

user defined ROIs, which are mostly used parameters in the clinics for breast cancer di-

agnosis. SIVIC is a standalone software for 1H-MRSI analysis and it has features such

as apodization and phase correction, water peak suppression, peak integral calculation,

metabolite map generation, and overlaying multi-voxel 1H-MRSI data on anatomical

MRI. BreastIS has similar features with SIVIC, except the overlay capability. SPM is

another MATLAB based toolbox, which has its own sub-toolboxes for various image

analysis algorithms. BreastIS uses post-processing algorithms of SPM for DWI analy-

sis. FSL is also another standalone tool, mostly focusing on DTI analysis, and it has

features of tensor fitting, brain extraction, and ADC and FA calculations. BreastIS

can also handle tensor fitting through SPM and generate FA and MD maps, and mask

out resultant maps, on top of user defined ROI based analysis. The major advantage

of BreastIS is parameter estimation and comparisons between various ROIs. Another

advantage of BreastIS is that it can run on Windows operating system without any

error unlike SIVIC and FSL.
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Table 5.1
Comparison of BreastIS with other MRI data analysis software tools

1H-MRSI DCE-MRI DWI

SIVIC jMRUI ROCKETSHIP UMMPerfusion FSL

Similarities with

BreastIS

Apodization, phase correction, water peak

suppression, peak intensity and integral

calculation, metabolite map generation

Parametric map generation, Kinetic curve

analysis, ROI and pixel based parameter

calculation

ADC, FA, MD map

generation, apply

masks, exporting

analysis results in

.nii format

Calculation of semi-

quantitative parame-

ters

Advantages of

others

Overlaying multi

voxel spectra on

anatomical image

Quantitative DCE-MRI parameters Tensor fitting, brain

extraction, eddy cur-

rent correction

Advantages of

BreastIS

Runs on Windows Exporting metabolite

maps in .xlsx format

User defined ROI type estimation, export-

ing generated maps in .dcm format

Gives link to SPM for

further analysis, runs

on Windows
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To validate the use of BreastIS software toolkit with a clinical dataset, a retro-

spective analysis was conducted. Semi-quantitative DCE-MRI parameters calculated

for both healthy and tumor regions, such as maximum enhancement and early en-

hancement parameters were higher in tumor regions than healthy areas, as expected

and stated by various other studies [12, 13]. Our results agreed with the literature in

terms of signal uptake patterns of breast cancer. The healthy regions had almost no

significant signal uptake, and malignant tissue displayed a washout pattern [12]. In

terms of DWI analysis, mean ADC values of tumor ROIs were lower than the healthy

areas as expected from the literature, since movement of water molecules are restricted

within a dense tumor tissue [27]. The sample analysis with clinical dataset indicated the

applicability of the designed software tool for MRI data post-processing and analysis.

MATLAB environment was preferred for several reasons to develop the BreastIS

software. First of all, this software is intended for academic use and research purposes.

Therefore, the main audience is expected to be the academic community, and MAT-

LAB is currently a widely used programming environment for image processing and

analysis among the academics. Also, MATLAB provides multiple toolboxes like Image

Processing Toolbox and Computer Vision System Toolbox, which helps with an easier

implementation. Development of newer submodules to enrich the capabilities of the

software would be easy by making use of the available additional toolboxes and other

user contributed scripts of MATLAB. MATLAB could also be run on Windows, Mac

OS and Linux with minimal operating system based supporting issues. However, MAT-

LAB is a slower programming environment when compared to compiled languages like

Java, C or C++. This is an important disadvantage considering the computational

time required to upload, process and analyze a stack of DICOM images. It makes

BreastIS not readily applicable for clinical use. However, translation to some other

lower level programming languages such as C or C++ is supported by MATLAB to

make it a standalone application for future uses.

This study had several limitations. In clinics, breast MRI protocols mostly

include T1 and T2-weighted anatomical MRI, and DCE-MRI modalities. Therefore,

finding DWI and 1H-MRSI data of breast was challenging. Since 1H-MRSI data of the
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breast could not be found, the 1H-MRSI post-processing submodule was verified with

a healthy brain data.

Additionally, BreastIS software may require additional parameter tunings to

define accurate thresholds for differentiating malignant and benign lesions. As a fur-

ther development of the software, supervised machine learning algorithms may be im-

plemented within the software to differentiate between malignant and benign lesion

parameters. Furthermore, a larger dataset would be necessary to increase the data

classification and diagnostic accuracy of the software.
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6. CONCLUSION

A flexible software tool for breast MRI post-processing and analysis, named

BreastIS, was successfully developed. The main advantage of this software tool is its

support for various MRI modalities for providing a flexible data analysis platform.

Although the main scope of the designed software is breast MRI, it is capable of

analyzing MRI data of other anatomical parts of the body. This software is freely

available to download at https://github.com/Computational-Imaging-LAB for research

and academic purposes [5, 6].
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7. LIST OF PUBLICATIONS PRODUCED FROM THE

THESIS

1. BreastIS: Meme MR Görüntüleri Analiz Yazılımı, B. Bayrambas, A. Oktay, K.

Yegin, E. Ozturk-Isik, TMRD, April 2019.
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