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Abstract: Microwave Breast Imaging (MBI) is an emerging non-ionizing imaging modality, with
the potential to support breast diagnosis and management. Wavelia is an MBI system prototype,
of 1st generation, which has recently completed a First-In-Human (FiH) clinical investigation on a
25-symptomatic patient cohort, to explore the capacity of the technology to detect and characterize
malignant (invasive carcinoma) and benign (fibroadenoma, cyst) breast disease. Two recent publi-
cations presented promising results demonstrated by the device in this FiH study in detecting and
localizing, as well as delineating size and malignancy risk, of malignant and benign palpable breast
lesions. In this paper, the methodology that has been employed in the Wavelia semi-automated Quan-
titative Imaging Function (QIF), to support breast lesion detection and characterization in the FiH
clinical investigation of the device, is presented and the critical design parameters are highlighted.

Keywords: breast cancer detection; microwave breast imaging; computer-aided diagnosis (CAD);
first-in-human (FiH) study

1. Introduction

Microwave Breast Imaging (MBI) uses the scattering wave, or reflected wave, that
arises from the contrast in dielectric properties between the various breast tissues, in
the microwave frequency range [1]. The increased volume of water within the denser
breast tissues is responsible for the detectable electromagnetic scattering associated with
microwave imaging. The increase in sodium and water, particularly in-bound water within
the tumor cells, is expected to lead to even greater conductivity and permittivity of the
tumorous tissues [2,3]. Due to the dielectric contrast, back-scattered radar signals are
physically generated, when the breast is illuminated with low-power electromagnetic
waves in the microwave frequency range.

MBI has been investigated as a novel modality for the detection of breast disease,
offering a non-ionizing, non-compressive approach [4-6] and as a potential diagnostic
management strategy in the monitoring of neoadjuvant chemotherapy [7]. To date, a
total of at least 10 MBI system prototypes have been employed in human subject tests, to
investigate the clinical utility of MBI [8-11]. Despite encouraging clinical results being
reported, several recurrent limitations, as outlined in [12], remain unresolved across most
studies and justify further clinical research with alternative MBI systems, such as Wavelia.
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Wavelia™ is an MBI system prototype, of 1st generation, which demonstrated the
ability to detect dielectric contrast between tumor phantoms and synthetic fibroglandular
tissue in preclinical studies [13] and has recently completed a First-In-Human (FiH) clinical
investigation on a 25-symptomatic patient cohort, hosted in NUIG Clinical Research Facility
Galway, Ireland. In this study (ClinicalTrials.gov NCT03475992), the Wavelia MBI system
was evaluated in the clinical setting for the first time, using mammography as the reference
conventional imaging modality and post-surgery histology data to assess the size of the
cancers. Ultrasound, MRI and core biopsy data were also collected as a reference and were
available as part of the patient’s standard of care. In this FiH study, Wavelia demonstrated
the capacity to detect and approximate underlying breast abnormalities to the appropriate
location, in patients with palpable biopsy-confirmed invasive carcinomas and benign breast
lesions, such as cysts and fibroadenomas [12]. The device also demonstrated promising
results in delineating the size and malignancy risk of the detected breast lesions [14].

The methodology that was employed in the Wavelia semi-automated Quantitative
Imaging Function (QIF) during this FiH study, to support morphological breast lesion de-
tection based on persistence, lesion sizing and lesion characterization in a low-dimensional
feature space, spanning shape and texture-based features, is presented in this article.

2. Materials and Methods

The Wavelia MBI Quantitative Imaging Function (QIF) was initially conceived using
experimental MBI datasets from anthropomorphic breast phantoms [13,15] and was further
developed and configured following training on the available FiH patient datasets [12,16].
The MBI parametric radar image formation and clinical feature extraction are performed
offline at this stage of development of Wavelia.

2.1. Wavelia MBI: Parametric Radar Image Formation

The Wavelia MBI system operates using 18 antennae arranged in a circle in a hori-
zontal plane outside a cylinder. With the patient lying in the prone position, one breast is
submerged at a time into the cylinder, which is filled with a creamy transition liquid. The
liquid has dielectric properties similar to the ones of the human skin within the microwave
frequency spectrum, thus favoring the penetration of the electromagnetic waves in the
breast. The device illuminates the breast using low-power electromagnetic waves in the
frequency range [0.5-4] GHz. The probe array moves vertically below the examination
table and illuminates the breast at regular intervals of 5 mm. Coronal sections of the breast,
of a given thickness (10 mm) are generated using the MBI data at each vertical scan position
of the probe array. Partially overlapping consecutive coronal breast sections, formed per
azimuthal sector of illumination based on multi-static radar detection technology, are
integrated to form a 3D MBI image of the dielectrically contrasted interior breast tissues.

As specified in prior publications on Wavelia MBI [13,15], the multi-static radar
imaging algorithm, which is employed for MBI image formation, is the Time-Reversal
Multiple SIgnal Classification (TR-MUSIC) algorithm, which was originally conceived for
the detection of obscured radar targets in heavily cluttered environments [17]. The intensity
of the TR-MUSIC images gets maximized in the imaging pixels where the MBI sensor array
illumination vector is more orthogonal to the noise subspace; thus, the image intensity
is indicative of the probability for the presence of a dielectrically contrasted scatterer on
each pixel of the image. The noise subspace is estimated at each frequency, by means of
decomposition and analysis of the Multi-Static Frequency Response Matrix (MFRM) of the
imaging array. The illumination vector of the imaging array, at each pixel p of the imaging
scene and each frequency f, is defined as:

Geect(p, f) = [ 8o (PTRxsect,err f) 80 (pTRxsect,Z/p' f) - 80 (PTRxseclesfPr f) }T @

with:

A

. (1) [ 2nf n R
80 (pTRXSEC ti’ P/ f) =] H(() ) ( : ( €y, trans (f) ) dOutOfBreast,i,p + er,InBreast<f) ) dInBreast,i,p) ) (2)

Co



Appl. Sci. 2021, 11, 9998

30f21

the assumed underlying ElectroMagnetic (EM) wave propagation model for the antenna
element at position PTRxec 17 H(()l) the Hankel function of 1st kind and Oth order, ¢; the
speed of ligh’E in vacuum, ey grans(f) the known permittivity of the transition liquid at the
frequency f, doutofBreastip an estimate of the distance travelled by the EM wave in the
transition liquid up to reaching the imaging pixel p, dmpreast,ip an estimate of the distance
travelled by the EM wave within the breast up to reaching the pixel p, and:

er,InBreast(f) = (PCﬁb : er,fibroglandular(f) + (1 - PCfib) * €radipose (f)) -1072 ®3)

the average permittivity of the background healthy tissues of the breast, defined as a
weighted average (weighting by pc_fib) of the adipose tissue and fibro-glandular tissue
“mean” dielectric properties, as derived by Sugitani et al. [18].

The breast external envelope is reconstructed at first using the Wavelia MBI scan data.
The geometry is exploited to split the imaging scene in “Out of breast” and “In breast”
segments and further estimate dOutOBreast i jipand AinBreast ip for each transceiver i and each
pixel p in the imaging scene.

The critical elements of the tailored implementation of TR-MUSIC in the Wavelia QIF
are summarized below and in the flowchart of Figure 1.
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Figure 1. Wavelia MBI radar image formation: the critical parameters.

e  Sectorization of the imaging scene: Considering the high level of heterogeneity of
the breast tissues, but also the potentially irregularly shaped breast tumours, MBI
image formation is performed using sectorized subsets of the circular sensor network
of the Wavelia MBI system, at each vertical scan position. Both the physical size of
the sensor sub-array (sector) and the number Ns of sensors used for the elementary
sub-image formation is critical to the achievable performance of the MBI system, in
terms of unambiguous detection and valid characterization of breast lesions. Ns = 6
was fixed in the Wavelia QIF for the FiH clinical investigation.

e  Sensor fidelity zone setting: Bounding the portion of the imaging scene, being effi-
ciently illuminated by each sensor sub-array. In the current implementation of the
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Wavelia QIF, a spatial filter activates the contribution of a given antenna to a given
pixel p in the imaging scene, only if the Euclidean distance between the pixel and the
phase centre of the antenna is inferior to a pre-set value dmax.

e  Automated, data-driven, frequency selection for imaging: The TR-MUSIC imaging is
performed per frequency. In the Wavelia QIF, a limited number of frequency points
is automatically selected for imaging in each azimuthal sector of illumination, based
on the information content of the MFRM at each frequency. The employed frequency
selection criterion was previously defined in [15].

e  pc_fib parameter setting in multiple search ranges: A large variability exists in the
dielectric properties of each breast tissue type over the population, as demonstrated by
multiple studies involving ex-vivo dielectric measurements of a large sample of excised
breast tissues [18-21]. Considering that the full dielectric map of each breast cannot
become practically available, data-driven techniques are employed in the Wavelia
QIF to deduce the unknown dielectric properties of the healthy breast tissue in each
breast, by assessing the pc_fib parameter. The pc_fib parameter, which is involved
in the formulation of the illumination vector of the MBI sensor array, is physically
associated with the percentage of fibro-glandular tissue along the propagation path
within the breast, from a given transmitting antenna to the interrogated imaging pixel
and back to a given receiving antenna, as defined in Equations (1)—(3). The Wavelia QIF
generates a set of parametric MBI radar images under various assumptions on pc_fib.
The generated set of parametric images is further evaluated in terms of focusing,
using the image curvature [22,23] as a focusing quality measure. To better handle
the heterogeneity of the breast and potentially better reveal the non-uniform angular
response of the breast lesions to MBI, the pc_fib parameter setting is performed
independently in each azimuthal imaging sector, while employing multiple search
ranges. In the Wavelia QIF, X1 wide and X2 narrow pc_fib parameter search ranges
are systematically employed for image formation, thus a total number of X = (X1 + X2)
MBI images are formed per patient’s breast.

The wide pc_fib search ranges result in 3D MBI images including the most complete
representations of the detected breast lesion shape. The narrow pc_fib search ranges are
expected to lead to partial representations of the detectable breast lesions. The X = 5 pc_fib
search ranges, which were systematically employed during the FiH clinical investigation
of Wavelia, are listed below:

Wide pc_fib search range #1 (W1): pc_fib e [10 20 30 40 50 60]%
Wide pc_fib search range #2 (W2): pc_fib e [20 30 40 50]%
Narrow pc_fib search range #1 (n1): pc_fib € [10 20]%

Narrow pc_{fib search range #2 (n2): pc_fib € [30 40]%

Narrow pc_{fib search range #3 (n3): pc_fib € [50 60]%

As explained in the next subsection, the persistent presence of a Region-Of-Interest
(ROI) in the set of X MBI parametric radar images of a given breast is further exploited, to
support the association of automatically extracted ROIs with breast lesions and validate
their reporting for clinical analysis.

2.2. Morphological MBI Image Post-Processing: Breast Lesion Detection Based on Persistence

Automated breast lesion detection is performed in the Wavelia QIF by means of
morphological post-processing of the set of parametric radar images, which are formed with
the employment of X = 5 search ranges for the pc_fib parameter. Automated segmentation
of ROIs and association, or not, to a breast lesion is based on morphological properties
(solidity and volume) of the ROI and its persistence on the set of parametric radar images,
which is evaluated by means of spatial clustering. The persistent visibility of a ROI over
multiple pc_fib search ranges is indicative of the association of the ROI with a physical
object (breast lesion) in the MBI image. On the other hand, the presence of a ROl in the
minority of the pc_fib search ranges under test is indicative of it being associated with
an imaging artefact. This setting has been inspired by the “breast mass” definition for
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mammography, as the space-occupying a 3D lesion seen in two different projections [24]. To
the authors” knowledge, no such breast lesion detection method, based on persistence in a
set of parametric images carrying redundant information content, has ever been integrated
into any of the state-of-the-art MBI systems before. A second novel element of the proposed
method is the coupling of morphological properties (solidity) with the notion of persistence
to validate a ROI detection.

The automated breast lesion detection method, as designed and integrated into the
Wavelia QIF for the FiH clinical investigation of device prototype #1, is outlined below and
in the block diagram in Figure 2.

Objects of interest: : T
Lesion persistence

Objects of interest: v Min. volumetric size ey
pc_fib search Max. volumetric size [cm?], v Min. Solidity esen(;z ?r':;)g-t -
range for image threshold setting v" Min. Intensity Contrast presenceln = ou
pc_fib search ranges
Threshold setting =
iE o - Active contour patia )
‘Raw’ 3D Image ::?2;':,?22&':’ ‘?::::ctt';z, segmentation: clustering P(Ie_r5|§tent
aw
MBI ima Thresholding obiects’ in the obicets tobe refine the ‘ of all the - esion
oe ) ) extracted object retained Detection

threshold

image retained contour connected
objects

Repeat with progressively increasing

Repeat for all the pc_fib search ranges

Set of morphological 3D MBI images,

for the pc_fib search ranges at which

persistent lesions have been detected
(set of 3-5 images per breast)

Figure 2. Wavelia MBI: morphological image post-processing for breast lesion detection based on persistence.

1. Iterative Image threshold setting: The following operation is first-of-all performed to
set a threshold for the raw 3D MBI image, with no a priori available on how normal
breast tissue is represented in this type of image:

a.

b.

Progressive increase in the image threshold, starting from the null threshold,
At each iteration, identification of the “connected” objects in the thresholded
image,

Threshold setting based on the maximal accepted volumetric size of “connected”
objects, potentially defining a breast mass in the image (default value 3 cm3, in
this implementation).

2. Semi-automated ROI extraction, based on morphological properties: The connected
objects to be retained as ROls, are defined based on a set of user-defined characteristics,
including:

a.

Volumetric size: all the small objects, of volume inferior to 1 cm?, are removed
from the FiH clinical data analysis, considering the status of the Wavelia system
prototype #1 in terms of minimum size of detectable lesions.

Solidity: this structural feature measures the density (or convexity) of an object.
A measure of solidity can be obtained as a ratio of the volume of the object to the
volume of a convex hull of the object. A value of 100% indicates a solid object,
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and a value less than 100% indicates an object having an irregular boundary or
containing holes. All connected objects with solidity >30% have been ultimately
retained, for the data analysis of the FiH clinical investigation of Wavelia.

C. Intensity Contrast: In case of ambiguity (i.e., multiple connected objects to be
retained in a single 3D MBI image, based on the volume and solidity criteria),
each connected object is retained as ROI, only if it is associated with the maximal
intensity in the image and is minimally contrasted (by at least 5%) against the
intensity of all the “competing” connected objects in the image.

3.  Refinement of the ROI segmentation: An Active Contour segmentation module
(Chan-Vese algorithm for segmentation without edges [25]) has been configured and
employed to refine the contour of the extracted ROIs, in order to enable a more
valid characterization of the lesions in terms of shape and texture, as defined in the
following sub-section. This module may have a critical impact, especially in the case
of small lesions, which are low contrasted against the background healthy breast
tissue.

4.  Spatial clustering of the ROIs which have been extracted on the set of X MBI images,
formed with varying pc_fib search ranges, is performed. In the current implementa-
tion of the Wavelia QIF, the Euclidean distance between the centroids of two ROIs
is required to be shorter than dg = 1 cm for the ROIs to be associated with the same
lesion in the breast.

5. Persistence over varying pc-fib search range: Five pc-fib search ranges (2 wide and
3 narrow) are systematically used during the FiH clinical investigation of Wavelia
to generate parametric 3D MBI images of each patient’s breast, as earlier stated.
Detection of a breast lesion in a minimum number of parametric images (3 out of the
5 pc_fib search ranges) is required for a ROI to be considered persistent and validated.

2.3. Combination of 3D Shape Descriptors and Texture Features for Breast Lesion Characterization
with Microwave Breast Imaging (MBI)

Apart from using reflected microwave energy to reconstruct images of the breast,
additional information on the size, shape, and surface texture can be extracted and po-
tentially exploited for discrimination between benign and malignant breast lesions using
microwaves [1]. Malignant tumors usually present the following characteristics: irregular
and asymmetric shapes, blurred boundaries (lack of sharpness), rough and complex sur-
faces with spicules or micro-lobules, non-uniform permittivity, and irregular tissue density.
Conversely, benign tumors tend to have the following characteristics: well-circumscribed
contours, compactness, and a smooth surface. Previous research works on breast lesion
characterization/classification with MBI [26-30] considered principally the MBI received
signals as input to a classifier, with or without dimensionality reduction. These state-of-
the-art research works [26-30] have been based on simulated datasets and/or simplified
experimental setups; no evaluation of such methods on patient clinical datasets has been
published to date. Among the state-of-the-art MBI prototypes which have been tested
on clinical datasets, two of them published studies on breast lesion classification with
MBI. Early concept work on the exploitation of the pattern of the frequency-domain Radio-
Frequency (RF) responses of the ROIs representing the breast lesions in the MBI image was
published in [31] for the MARIA M5 [4] MBI system. For the MammoWave MBI system,
machine learning methods were employed with raw received signals in the frequency
domain to classify them as healthy or non-healthy responses [32].

In the Wavelia QIF a module is integrated for the characterization of the ROIs which
have been prior detected and validated based on morphological properties and their
persistence, and thus associated with breast lesions. This module includes the following
operations:

e Breast Lesion sizing: by means of fitting an ellipsoid to the ROI associated with
the persistent lesion detection, in the 3D MBI images that have been generated by
applying either of the two wide pc_fib search ranges. The greatest linear dimension
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Solidity =

convex hull

Volume, .,

Volume onpex

of the lesion is defined as the length of the longest axis of the fitted ellipsoid. This
definition is compatible with the conventional method that is applied for sizing
breast abnormalities based on 2D mammography and ultrasound images [24,33].
During the FiH clinical investigation, the Wavelia MBI system showed promise for
measuring lesion size with a more favorable linear trend between MBI and post-
surgery histological lesion size, compared to the results obtained for conventional
imaging [14]. Two challenging patient cases in terms of breast lesion sizing are
indicatively discussed in Results Section 3.2, to better highlight the status of the MBI
lesion sizing method, as integrated into the current version of the Wavelia QIF.
Malignant-to-benign Breast Lesion labelling is performed in the Wavelia QIF using
a combination of 3 features, extracted from morphologically validated ROIs in the
MBI images. The selected features include: a shape descriptor [34], a Gray-Level
Co-occurrence Matrix (GLCM) texture feature [35] and a Neighborhood Gray Tone
Difference Matrix (NGTDM) texture feature [36]. The 3 features which were selected
in the Wavelia QIF implementation for the FiH study of the investigational device are
more specifically the following:

O Shape descriptors—Solidity: This feature measures the density, or the convexity,
of an object. It is computed as the ratio of the volume of the object to the
volume of the convex hull of the object, as illustrated in Figure 3. Breast lesion
scoring, in terms of risk for malignancy, is routinely based on visual inspection
and evaluation of the shape and margins of the imaged breast lesion, as per
BIRADS [24,33]. Shape descriptors have been earlier considered for breast
lesion classification with mammography [34,37] and ultrasound [38].

O GLCM texture—Correlation: The GLCM texture features measure the spatial
relationship between pixels per specific directions, thus highlighting the prop-
erties of uniformity, homogeneity, randomness, and linear dependency of the
image [35]. More specifically, the “correlation” feature varies between 0 (uncor-
related) and 1 (perfectly correlated), showing the linear dependency of gray
level values to their respective voxels, as graphically illustrated in Figure 3.

O NGTDM texture—Busyness: The NGTDM texture features measure the spatial
relationship among three or more pixels neighborhood, closely approaching
the human perception of the image [36], as graphically illustrated in Figure 3
More specifically, for the “busyness” feature, a high value indicates a “busy”
image, with rapid changes of intensity between pixels and its neighborhood.

’ » 9 . ~
Pixel o rmm('hr—l
/ Pixel of interest = Neighborhood,d = 2

GLCM texture: Correlation NGTDM texture: Busyness

Figure 3. The 3-d feature vector employed in Wavelia for malignant-to-benign breast lesion discrimination.

Texture-based features have been earlier considered in Radiomics Research for cancer-

ous lesions identification on CT, PET and MRI images [39-41]. Breast lesion classification,
employing texture features on multi-parametric breast MRI images has also been intro-
duced in the state-of-the-art [42].
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In contrast to the Radiomics Research studies, which suggest the employment of
high-dimensional feature vectors (typical size > 30) [39—41], appropriate feature selection
has been considered in the Wavelia QIF, to achieve malignant-to-benign lesion separability
in a feature space of low dimensionality. To the authors” knowledge, no shape-based
or texture-based feature extraction from Microwave Breast Images (MBI) has ever been
considered in the past.

The 3-dimensional (3-d) lesion feature vector data [Solidity; Correlation; Busyness] is
exploited in a malignant-to-benign breast lesion classification framework in the Wavelia
QIF. A 2-class discrimination problem is defined, with: (i) Class #1: Malignant breast
lesions, and (ii) Class #2: Benign breast lesions. Two classifiers have been trained in this
3-d feature space. The two classifiers, i.e., a Naive Bayesian (NB) classifier and a Quadratic
Discriminant Analysis (QDA) classifier, were selected such that their decision hypersurface
partitions the 3-d feature space in two disjoint and continuous manifolds (malignant lesions
subspace vs. benign lesions subspace).

In the Wavelia FiH clinical investigation [12], female patients were recruited from
the symptomatic unit to one of three groups: Biopsy-proven breast cancers (Group-1),
unaspirated cysts (Group-2) and biopsy-proven benign breast lesions (Group-3). For the
training of the 2 classifiers:

e  The Group-1 patient datasets were labelled as Class #1.
e  The Group-2 and Group-3 patient datasets were labelled as Class #2.

A total of 25 patients underwent MBI in this FiH study. Of these, 24 were included in
the final data analysis (11 Group-1, 8 Group-2 and 5 Group-3 patients). The patient who
was excluded from the final analysis was a patient who presented with a palpable lump
which was determined to be normal breast tissue, and who also had small, scattered, cysts
appearing in a different breast quadrant.

Given the small total number of analyzed patients, the number of training data
samples which was extracted from each patient dataset equals the number of pc_fib search
ranges for which the detection of each breast lesion was morphologically validated based
on persistence. This implies that each detected breast lesion was represented by 3-5 points
in the 3-d feature space, as depicted in Figure 4c. The confusion matrix and classification
loss were estimated for the two trained classifiers by means of 10-fold cross-validation
(i.e., 10 partitions of the full dataset in disjoint training and test datasets) to evaluate the
potential for discrimination between malignant and benign breast lesions with Wavelia
MBI. The confusion matrices and the decision surfaces are shown for the two classifiers in
Figure 4a—c. This proof-of-concept FiH patient dataset suggested the good potential for
discrimination between malignant and benign lesions in the defined 3-d feature space. The
two classifiers demonstrated very comparable performance and associated classification
loss 11.5-12.5%, as depicted in Figure 4.
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Figure 4. Average confusion matrices for the 2 trained classifiers, estimated with 10-fold cross-validation, (a) NB classifier,
(b) QDA classifier, (c) the training dataset and the decision hypersurfaces of the 2 classifiers, (d) Partitioning of the 3-d
feature space illustrated with 3 cuts for the QDA classifier.

3. Results
3.1. Semi-Automated Breast Lesion Detection Based on Persistence

The Wavelia MBI algorithm for morphological breast lesion detection based on persis-
tence has been specified in the previous section. The lesion persistence is assessed over a set
of MBI images that were generated under varying assumptions on the dielectric properties
of the healthy tissue of the breast (varying pc_fib parameter search ranges). Lesions that are
morphologically detected in at least 3 out of the 5 pc_fib search ranges under evaluation are
considered persistent and validated. The principle of the breast lesion detection method is
illustrated in Figures 5-8 on two indicative patient test cases.

e  Patient 032: Group-1: 54-years old patient with an Invasive Lobular Carcinoma (ILC)
of size 30 mm (MRI data) at the 12 o’clock position of the Right Breast. Breast density:
BIRADS Category c, Volumetric Breast Density (VBD) = 13.3%.

e  Patient 031: Group 3: 38-years old patient with a Fibroadenoma of size 19 mm (Ultra-
sound) in the lateral Left Breast. Breast density: BIRADS Category ¢, VBD = 10.8%.

The achieved persistence level of each breast lesion on MBI may vary depending on
the histological type of the lesion and the density of the breast. It is interesting to note
that the 30 mm ILC of Patient 032, which was not clearly visible on both mammogram
and ultrasound, was persistent at 60% (i.e., 3 out of the 5 raw MBI images formed with
the employment of distinct pc_fib search ranges) with MBI. More than a single dominant
ROIs were visible on the raw MBI images. In Figure 6, the ROI which was extracted and
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Coronal maximum intensity projection, Coronal slice through area of interest, Sagittal slice through area of interest,
Right breast (Raw image) Right breast (Morphological image) Right breast (Morphological image)

validated in terms of morphological properties, sufficient intensity contrast against the
other competing ROIs in each image and persistence over varying pc_fib search ranges is
presented encircled in the 3 out of the 5 raw MBI images in which it was detectable. As
illustrated in Figures 7 and 8, the fibroadenoma of Patient 031 was persistent at 100% (i.e., 5
out of the 5 raw MBI images formed with the employment of distinct pc_fib search ranges)
and was predominantly visible with MBI. Both patients had comparably dense breasts
(P032: VBD = 13.3%, P031, VBD = 10.8%); however, the difference in terms of consistency
of the two lesions may have been the principal reason for the distinct level of persistence of
the response of the two lesions to MBI. The MBI scan datasets for the two patients have
been processed using the same configuration of the Wavelia QIF.

In future upgraded implementations of the Wavelia QIF, both the persistence level
over the varying assumption of the dielectric properties of the healthy tissue in the breast
(varying pc_fib search ranges), but also the presence of a single dominant ROI or various
competing ROIs in the image, may serve to define a confidence level for each MBI lesion
detection, to better support the diagnosis.

@

Figure 5. Patient 032, ILC in the Right Breast: (a) Bilateral mammogram Cranio-Caudal (CC) view, (b) Bilateral mammogram

Medio-Lateral Oblique (MLO) view, (c) Ultrasound scan, Right Breast, (d) MRI scan, bilateral axial image and sagittal image
of the Right breast (e) MBI test results, Right Breast.
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The set of 5 Raw MBI images Morphological image

Patient 032

Right Breast
Front patient view

P Wide pc fib search range: [20:50]%§

Contrasted Region-Of-Interest (ROI),
persistent over varying pc_fib search range

Persistence 3/5 = 60%

Coronal maximum intensity projection,
Left breast (Raw image)

Figure 7. Patient 031, Fibroadenoma in the Left Breast: (a) Bilateral mammogram Cranio-Caudal (CC) view, (b) Bilateral
mammogram Medio-Lateral Oblique (MLO) view, (c) Ultrasound scan, Left Breast, (d) MBI test results, Left Breast.

Coronal slice through area of interest, Sagittal slice through area of interest,
Left breast (Morphological image) Left breast (Morphological image)
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Figure 8. Patient 031, Left Breast: Fibroadenoma morphological detection based on persistence, with Wavelia MBI

3.2. Breast Lesion Sizing: Correlation with Conventional Imaging and Post-Surgery Histology

For two of the cancer patients, post-surgery histological analysis of the excised tumor
demonstrated total tumor sizes which were much larger than the invasive tumor size. This
was the case with Patient 002 and Patient 029, as reported in Table 1. The conventional
imaging data (Mammography, Ultrasound) and the MBI imaging test results are depicted
in Figure 9 for the case of Patient 002 and in Figure 10 for Patient 029.

It is interesting to observe in Table 1 and in Figure 9 that for the Patient 002 case
the MBI lesion size estimate varies considerably depending on the pc_fib search range.
Maximal linear dimension [34-51] mm, overestimated against the conventional imaging
but better fitting to the total tumor size as confirmed with post-surgery histological analysis
of the excised tumor, was retrieved with MBI for this lesion. For a subset of 3 out of
the five 5 pc_fib search ranges being systematically evaluated in the Wavelia QIF, the
irregularly shaped finding of the MBI system extended over a large volume (maximal
linear dimension = 51 mm), including the core of the invasive tumor, as identified at triple
assessment. By comparison with the patient’s mammograms, it was deemed reasonable
to consider that the Wavelia MBI system detected either the total tumor, or the invasive
tumor and a concentration of fibro-glandular tissue adjacent to it. For the second subset of
pc_fib search ranges, the size of the MBI detection was smaller, and its location seemed to
correlate closely with the invasive tumor site. Due to the uncertainty on the orientation
and the deformability of the patient’s breast during the MBI scan, inaccuracies in the 3D
reconstruction and localization of the tumor may arise when compared to conventional
imaging data. This difficulty is not considered to be MBI-specific though. The registration
of multi-modality imaging data of any kind, in the case of soft and deformable organs, like
the breast, is a challenging task due to variations in the natural suspended position of the
breast in the upright, supine and prone position.

Table 1. Breast lesion size: maximal linear dimension [mm].

Post-Surgery Histology MBI Conventional Imaging
Patient ID i
Invasive Total W1 W2 Max. Mammography Ultrasound Max.
Tumor Tumor
P002 20 40 51 34 51 25 15 25
P029 22 35 24.5 19.8 24.5 20 37 37
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Invasive tumour:
[15-25]mm

Right

ide pc_fib search range: [20:50]%

Coronal maximum intensity projection, Coronal slice through area of interest, Sagittal slice through area of interest|
Right breast (Raw image) Right breast (Morphological image) Right breast (Morphological image)

| MBI test results |

Coronal maximum
intensity projections,
Right breast
(MBI Morphological images)

Lesion Maximal Linear
Dimension: [34 — 51]mm

arrow pc fib: [10:20]% Narrow pc fib: [30:40]% Narrow pc fib: [50:60]%

Figure 9. Patient 002, Invasive Ductal Carcinoma (IDC) at the 3 o’clock position of the Right breast
(Breast density: BIRADS Category ¢, VBD = 8.5%): Bilateral Mammogram, Ultrasound and MBI test
results of the Right Breast.

Patient 029 was a patient with very dense breasts (VBD = 15.4%). It is clear in Figure 10
that the delineation of the margins of the tumor was not evident on the mammogram.
In the radiology report, the presence of a 20 mm spiculated mass in the lower outer
quadrant of the Left breast and calcifications extending anteriorly and medially from the
mass and measuring up to (42 mm) x (47 mm) was reported. Ultrasound scan of the
Left breast highlighted a 23 mm irregular hypoechoic mass in the lower outer quadrant
(concurring with the invasive tumor), and a smaller node of 7 mm with indeterminate
appearance, immediately superior to the mass. The total inclusive diameter of both lesions
was reported to be 37 mm in the craniocaudal direction, concurring with the total tumor
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size. MBI highlighted the presence of two persistent ROIs. The two ROls are clearly visible
in the raw MBI image shown in Figure 10. The ROI which was morphologically validated
was located in the lower outer quadrant of the breast, had a maximal linear dimension of
24.5 mm and was associated with the invasive tumor in this analysis. The second ROI of
volumetric size > 3 cm® and rather low solidity (=0.4) was present in the upper breast and
could be, interestingly, associated with the extended zone of calcifications, as reported on
the patient’s mammogram. In the current version of the Wavelia QIF, the ROI definition is
based on the notion of pixel connectivity, thus “discontinuous” constellations such as the
one highlighted on ultrasound for this patient case and concurring with the total tumor
size (as confirmed with post-surgery histology) could not be revealed. This patient case
represents a limitation, which may be addressed in subsequent versions of the Wavelia
semi-automated lesion sizing method.

AREA MARKED
Left

MBI test results . mea e\ , saen e

Non mass-like

: . Invasive tumour Total tumour

Sagittal slice through area of interest,

Coronal maximum intensity projection, Coronal slice through area of interest,
Left breast (Morphological image)

Left breast (Raw image) Left breast (Morphological image) |

Figure 10. Patient 029, IDC in the Left breast (Breast density: BIRADS Category ¢, VBD = 15.4%): Bilateral Mammogram,
Ultrasound Scan and MBI test results of the Left Breast.

3.3. Discrimination between Malignant and Benign Breast Lesions in a 3-d Feature Space
(Shape-Based and Texture-Based Feature Employment)

While three narrow pc_fib search ranges are systematically used, together with the
two wide pc_fib search ranges, to analyze the persistence of radar echoes for lesion detec-
tion, for the characterization of the detected lesions, i.e., sizing, shape and texture analysis,
the wide pc_fib search ranges are mostly adequate to be employed, as they are expected
to be associated with the most complete representations of the lesions in the available
set of MBI images. In the course of the FiH clinical investigation of Wavelia, mapping of
the wide pc_fib search range detections in the 3-d feature space was performed and the
posterior probability for each detection to be associated to “Class #1 = Malignant lesion”
(i.e., probability of malignancy) was computed, as predicted by the trained QDA classifier.

If a breast lesion was detected and validated in both wide pc_fib search range MBI
images, two probabilities of malignancy were reported for the breast lesion, as depicted in
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Figure 11. The maximal probability of malignancy was ultimately considered to represent a
unique MBI classification score for the lesion in the data analysis. Patient 027 was the only
Group-1 patient (IDC) for whom the probability of malignancy was inferior to 50%, for both
wide pc_fib search ranges. Patient 029 (IDC) was an ambiguous case, with a probability
of malignancy 16.5% and 55.7% for the 2 wide pc_fib search ranges, correspondingly. As
depicted in Figure 10, this was a patient with very dense breasts, thus rendering the ROI
delineation sensitive to the specific parameterization of the MBI morphological detector
(Wavelia QIF), in its current version. The probability of malignancy was superior to 95%
for all the other Group-1 patients (invasive carcinomas), inferior to 38% for all the Group-3
lesion detections (biopsied benign lesions) and inferior to 14% for all the Group-2 lesion
detections (cysts).

QDA: Classification scores (Class #1 Likelihood)
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Figure 11. Posterior probability of malignancy (classification score) per patient case in the Wavelia FiH study.

In Figure 12, four patient cases are used to illustrate the impact of the three selected
teatures (solidity, correlation, busyness) on the MBI lesion classification score. The MBI mor-
phological images (i.e., ROIs detected and validated based on morphological properties and
persistence) are superimposed with the outer surface of the breast, as reconstructed using
the auxiliary Wavelia Optical Breast Contour Detection (OBCD) subsystem, in Figure 12a
for the four patient test cases. The Wavelia OBCD subsystem which is employed to recon-
struct the external surface of the breast with high resolution, based on optical data, was
earlier introduced in [12,13,16]. This superposition serves to better highlight the location of
the MBI breast lesion detection with reference to the nipple of the breast, which is visible in
the OBCD reconstruction. Ultrasound images of the four patient test cases are included in
Figure 12b, for a straightforward comparison with the MBI findings, both in terms of the
morphology of each lesion and its localization in the breast. Mapping of the four breast
lesions (1 IDC, 1 ILC, 1 fibroadenoma and 1 cyst) on the 3-d feature space of Wavelia
MBI, together with the QDA decision surface, are shown in Figure 12¢c. The probability of
malignancy, as predicted by the trained QDA classifier, is also annotated for each of the
four lesions. The values of the three features and the associated probabilities of malignancy
are reported in Table 2. The morphological detection (W1 or W2 pc_fib search range) which
was associated with the highest probability of malignancy, has been used to represent each
patient test case in Figure 12, and in Table 2.
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Figure 12. Breast Lesion Characterization in the Wavelia 3-d feature space—Four illustrative patient test cases: (a) morpho-
logically validated persistent ROI detections with Wavelia MBI, (b) Ultrasound images, (c) mapping in the Wavelia 3-d

feature space, probability of malignancy and QDA decision surface.

Table 2. Wavelia MBI lesion feature values and derived probability of malignancy.

Patient Lesion Features Probability of
ID Histological Type Solidity Correlation Busyness Malignancy [%]

P010 Invasive Ductal 0.529 0.496 0.041 99.95%
Carcinoma

P032 fnvasive Lobular 0.661 0.556 0.074 100%
Carcinoma

P031 Fibroadenoma 0.643 0.403 0.018 34.03%

P040 Simple Cyst 0.816 0.422 0.02 7.55%
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It is interesting to observe the following;:

the clear differentiability of the simple cyst (Patient 040) in terms of higher solidity,
the fibroadenoma and the two cancerous lesions had similar solidity levels, however
clear distinction was achieved between the benign and the two malignant lesions in
terms of texture features,

e  both the correlation and the busyness feature values were slightly increased in the
case of the malignant lesions, with the increase being more notable on the busyness
feature,

e substantially increased busyness value was associated with more heterogeneous lesion
patterns, which may be interpretable as being indicative of distributed non-mass like
ILC’s, such as in the Patient 032 case.

This illustration highlights the physical reasoning behind the selection of the three
specific features, for benign-to-malignant MBI lesion classification, based on shape and
texture in the Wavelia QIFE. It also serves to justify the achievable level of separability
with this small proof-of-concept FiH dataset, while working with continuous subspace
manifolds and very simple classifier models. The potential generalization of the above
findings is intended to be confirmed with future clinical investigations, involving larger
and more diverse patient datasets. Expansion of the feature space to include additional
dimensions (features), supporting the generalization of the above findings on larger patient
cohorts, will be also evaluated further during the development of Wavelia.

4. Discussion and Conclusions

In this article, the methodology that was employed in the Wavelia semi-automated
Quantitative Imaging Function (QIF) during the FiH clinical investigation of the device, to
support morphological breast lesion detection based on persistence, lesion sizing and lesion
characterization in a low-dimensional feature space, spanning shape and texture-based
features, has been outlined and the critical design parameters highlighted.

Semi-automated breast lesion detection using morphological post-processing of a set of
parametric radar images, which are formed with Wavelia MBI under varying assumptions
on the dielectric properties of the healthy background tissue of the breast was introduced in
the Wavelia QIF. Automated segmentation of ROIs and association, or not, to a breast lesion
is based on morphological properties (solidity, volume) of the ROI and its persistence on
the set of parametric images, as evaluated based on spatial clustering. The novelty of the
proposed method lies in the exploitation of the notion of persistence and its combination
with the solidity feature to support validation of ROI detection in MBI images.

A methodology for malignant-to-benign breast lesion discrimination, based on map-
ping in a low-dimensional feature space, which spans both shape-based features (solidity)
and texture-based features (correlation, busyness), and training of a Naive Bayes (INB)
and Quadratic Discriminant Analysis (QDA) classifier was also introduced in the Wavelia
QIF. An interesting level of separability between malignant and benign breast lesions
was achieved, with a classification loss of 11.5% estimated with 10-fold cross-validation
for the trained QDA classifier. This is a result pending to be verified, reproduced, and
validated with larger datasets in future clinical investigations of Wavelia. While extensive
research work is already published on Radiomics applied to the well-established breast
imaging modalities, to our knowledge, it is the first time that shape descriptors and texture-
based features are computed for ROIs extracted from MBI images, to support breast lesion
characterization and malignant/benign lesion labelling.

In this FiH study, which was conducted in 25 patients, the Wavelia #1 prototype system
demonstrated the preliminary potential to detect and discriminate between malignant and
benign palpable breast lumps, the imaging procedure had no safety issues and patients
reported a favorable experience of the MBI scan. Although the number of subjects included
in the FiH study was small and was not intended to permit a clinically meaningful statistical
analysis, the promising findings from this study provided initial data to support the
valid clinical association of the technology and warranted the preparation of further
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clinical investigations, with an upgraded prototype version of the Wavelia system (Wavelia
#2) and its semi-automated QIF, to progressively address the identified technological
challenges. Larger and more diverse patient datasets are needed to validate these findings
and delineate the cases where the Wavelia MBI modality may offer a beneficial adjunct to
current diagnostic protocols.

For the first conception of the Wavelia QIF and its feasibility testing for the first time in
the clinical setting, simplifications were imposed to the FiH data processing for the analysis
to become more straightforward. The two most important limitations of this analysis,
which are intended to be loosened in future clinical investigations for the Wavelia QIF to
become sufficiently realistic and clinically meaningful, are discussed in the two following
paragraphs.

Palpable breast lesions larger than 1 cm® were only considered in the current im-
plementation of the Wavelia QIF. All the objects with a volumetric size inferior to 1 cm3
were excluded and not morphologically validated with the Wavelia QIF. This setting was
fixed in accordance with the expected minimum size of the detectable lesion with the first
prototype of Wavelia and in order to avoid extreme degradation of the overall specificity of
the system.

Detection of a single abnormality zone, which remained persistently contrasted against
the surrounding breast tissues, was targeted with the applied MBI imaging algorithm and
morphological lesion detector, at this preliminary stage of development, and in the context
of the FiH feasibility study of Wavelia. Patients with bilateral breast disease were excluded
and the focus was on the detection of a single (the largest) cyst, in the case of patients with
multiple cysts in their breasts. This constraint is planned to be loosened in future clinical
investigations, while evolving towards more realistic and generalized subsequent phases
of the clinical evaluation of the Wavelia QIF.

The MBI scans were performed at least two weeks following the biopsy, in the case
of Group-1 (invasive carcinoma) and Group-3 (benign biopsied lesion) patients. The two-
week time lapse was considered sufficient to allow healing of the biopsy site in the breast.
It is noteworthy though that, in most of these patients, a metallic biopsy clip was placed in
their breast, as standard-of-care practice, to mark the tumor site. The size of the biopsy clip
was small (~3 mm) compared to the targeted tumor sizes in this study (all palpable lumps),
therefore its impact on the MBI images and the associated breast lesion detectability and
characterization results were not considered to be significant. However, as the impact of
the presence of a biopsy clip has not been characterized so far, future clinical investigations
enabling the MBI examination to be performed prior to biopsy will be needed to investigate
the impact of the biopsy clip. In this FiH study, there were only two Group-1 patients (P008,
P043—Dboth ILC’s) and one Group-3 patient (P017—fibroadenoma) with no biopsy clip
placed in their breast prior to the MBI examination and positive MBI findings nevertheless.

Quantitative evaluation, by means of a computable confidence level, is also planned
to be implemented in subsequent versions of the Wavelia QIF, such that the imaging
system performance can be assessed both in terms of lesion detectability rate and detection
confidence level, in the case of various lesion types (solid/liquid, mass-like /non-mass-like,
malignant/benign) and different breast density levels. Other factors, such as the breast
size, the location of the lesion in the breast (superficial /deep, distance to the chest wall),
the size of the lesion, the patient’s age and breast deformability in the scanner, will also be
investigated in terms of achievable lesion detectability rate and detection confidence level,
as well as malignant-to-benign lesion separability. The assessment of these factors will be
only feasible at a pivotal clinical investigation stage, and after sufficient stabilization of the
Wavelia MBI scanning system and the associated QIF.

5. Patents

Two patents have been filed resulting from the work reported in this manuscript. The
first patent covers the morphological breast lesion detection method, based on persistence,
including sectorization of the imaging scene and MBI image reconstruction using multiple
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pc_{fib search ranges. The second patent covers the malignant-to-benign breast lesion dis-
crimination method, based on mapping in a low-dimensional feature space employing both
the solidity feature and texture-based features, applied to ROIs extracted from MBI images.
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