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Computer Aided Theragnosis Using Quantitative
Ultrasound Spectroscopy and Maximum Mean
Discrepancy in Locally Advanced Breast Cancer
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Abstract—A noninvasive computer-aided-theragnosis (CAT)
system was developed for the early therapeutic cancer response
assessment in patients with locally advanced breast cancer
(LABC) treated with neoadjuvant chemotherapy. The pro-
posed CAT system was based on multi-parametric quantitative
ultrasound (QUS) spectroscopic methods in conjunction with ad-
vanced machine learning techniques. Specifically, a kernel-based
metric named maximum mean discrepancy (MMD), a tech-
nique for learning from imbalanced data based on random
undersampling, and supervised learning were investigated with
response-monitoring data from LABC patients. The CAT system
was tested on 56 patients using statistical significance tests and
leave-one-subject-out classification techniques. Textural features
using state-of-the-art local binary patterns (LBP), and gray-scale
intensity features were extracted from the spectral parametric
maps in the proposed CAT system. The system indicated sig-
nificant differences in changes between the responding and
non-responding patient populations as well as high accuracy,
sensitivity, and specificity in discriminating between the two
patient groups early after the start of treatment, i.e., on weeks 1
and 4 of several months of treatment. The proposed CAT system
achieved an accuracy of 85%, 87%, and 90% on weeks 1, 4 and
8, respectively. The sensitivity and specificity of developed CAT
system for the same times was 85%, 95%, 90% and 85%, 85%,
91%, respectively. The proposed CAT system thus establishes a
noninvasive framework for monitoring cancer treatment response
in tumors using clinical ultrasound imaging in conjunction with
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machine learning techniques. Such a framework can potentially
facilitate the detection of refractory responses in patients to
treatment early on during a course of therapy to enable possibly
switching to more efficacious treatments.
Index Terms—Cancer treatment, computer aided theragnosis,

kernel methods, maximum mean discrepancy, personalized
medicine, quantitative ultrasound, supervised learning.

I. INTRODUCTION

P ERSONALIZED cancer therapy is a rapid developing
area of research that has attracted the attention of re-

searchers from various fields such as biology, biomedical
engineering, biophysics, and medicine [1]–[3]. The rationale
behind personalized cancer therapy is that patients respond to
treatment differently depending on many factors such as stage
of disease, tumour grade, immune response, and their genetic
profile. The goal is to avoid needless and/or harmful continua-
tion of an ineffective treatment, and to transform cancer therapy
early on during a course of treatment by predicting who will
effectively respond to a particular treatment, and to find the
best treatment for a specific tumour [4]–[6].
According to data from theWorld Health Organization, breast

cancer is one of the most prevalent cancers, accounting for 29%
of all cancer cases worldwide [7]. Despite recent advances in
the early detection of breast cancer, it still is often not be discov-
ered until it is fairly large or locally advanced. Locally advanced
breast cancer (LABC) includes breast tumours greater than 5 cm
in diameter, which are often at an advanced stage locally and
inoperable, but have not yet spread outside the breast and/or re-
gional lymph nodes [8]. Women with LABC are often recom-
mended “up-front” chemotherapy before their surgery (neoad-
juvant chemotherapy) in order to shrink the tumour, a technique
which was pioneered in the setting of LABC [8], [9]. An early
detection of patient response to chemotherapy is potentially cru-
cial in such cases in order to avoid continuation of an ineffective
treatment and increase survival rates [10].
Assessing the efficacy of cancer treatments on subjects in

clinical applications is typically conducted late during treat-
ment. This is mainly because monitoring cancer therapy effects
is currently performed at macroscopic levels, which relies on
clinical practice to measure the size of a tumour. Although this
approach is well established for research, clinical screening,
and treatment planning (please refer to [11] for a comprehen-
sive survey), changes in size can take weeks to months after
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the completion of treatment to become apparent, and do not al-
ways occur even when the treatment is effective [12], [13] due
to scar tissue formation. To overcome this problem, cancer re-
sponse monitoring at microscopic level has recently been sug-
gested [13]–[15]. This can be done with recent advances in med-
ical imaging and by the understanding that cancer therapy-in-
duced cell death can be detected early after the start of treatment,
non-invasively, through different functional imaging modali-
ties. These include functional methods which probe changes
in cell structure associated with tumour cell death or tumour
vasculature.
Currently, the most established methods for cell death de-

tection are those focussed on the detection of apoptosis (pro-
grammed cell death) [16]. These methods could potentially be
used in a clinical setting and are based on imaging modalities
such as positron emission tomography (PET) [17], single photon
emission computed tomography (SPECT) [18], and magnetic
resonance imaging (MRI) [19]. However, these methods have
two main limitations: they are presently expensive, and require
contrast agents to be administered in order to enhance the con-
trast from soft tissue. The potential for side effects from allergic
reactions and the radioactivity of some agents are also limiting
factors.
In contrast, methods based on quantitative ultrasound (QUS)

[13], [14] provide cost-effective, non-invasive, and a rapid
framework to assess cancer therapy effects. These methods
alleviate the requirement for injecting external contrast agents
as the alteration in bio-acoustic properties of tissue with cell
death is the source of change in imaging contrast [20]–[22]. In
other words, programmed cell death causes many morpholog-
ical changes in tumour cells including nuclear condensation
and fragmentation, cell swelling, and chromatin dissolution,
which have been demonstrated to directly or indirectly affect
ultrasound backscatter characteristics of tumour [22]–[24]. For
example, chromatin changes due to cell death have two effects
on ultrasound backscatter intensity. Initial nuclear condensa-
tion and fragmentation with cell death increases ultrasound
backscatter intensity. Nuclear changes increase the density and
the randomness of fairly regular backscatter distributions of
micro-echoes, which can produce a large backscatter signal.
However, in late cell death, when a large fraction of the nuclear
scatterers is lost (advanced necrosis), the amplitude of the
backscattered signal can be reduced [25]–[27]. Quantitative
ultrasound [13], [14] has a main advantage over conventional
ultrasound imaging in that it uses metrics that are predomi-
nantly independent of instrument settings. Such quantitative
measures are derived by analyzing the radiofrequency (RF) raw
data before forming B-mode images, i.e., before detecting its
envelope and log amplification, and describe bio-acoustic char-
acteristics of the scanned tissue. QUS methods often involve
spectrum analysis (spectroscopy) of the backscatter RF signals
over regions of interest, forming parametric maps.
Several in vitro, in situ, and in vivo studies have demonstrated

the effectiveness of QUS spectroscopy methods to detect, non-
invasively, different modalities of cell death including apop-
tosis and mitotic arrest/catastrophe in both preclinical models
and clinical settings using high- and conventional-frequency ul-
trasound (refer to [13], [14], [28] for reviews). The sensitivity

of high-frequency ultrasound (20–50 MHz) backscatter inten-
sity to cell death resulting from cancer treatment was initially
demonstrated in the work of Czarnota et al. in vitro [21] and then
in vivo [25]. The research was followed by extensive in vitro and
in vivo studies demonstrating the success of QUS methods at
high frequency in detecting andmonitoring cell death associated
with cancer treatment [22], [29]–[31]. Despite its higher spatial
resolution, high-frequency ultrasound is limited to the study of
superficial structures such as retina in clinical use due to its low
penetration depth. Much broader adoption of the technology is
now clinically feasible by the recent extension of QUS methods
to conventional ultrasound ranges (1–20 MHz) [23], [24], [32],
[33]. This builds on the earlier theoretical work of Lizzi et al.
[34], the seminal work behind QUS spectroscopic methods, that
utilizes spectrum analysis of the conventional low-frequency
(5–15 MHz) radiofrequency (RF) signal to characterize tissues
at clinical scales, e.g., to distinguish between normal and de-
tached retinal tissue.
The previous application of QUS methods in the evaluation

of cell death response was mainly limited to analyses such as
statistical tests of significance, regression, and discriminant
analysis in order to demonstrate the proof of principle of the
proposed QUS systems on preclinical data [22], [23]. Two
pilot studies using a limited number of patients have
recently extended these kinds of analyses to clinical data for the
evaluation of cancer response monitoring on patients with lo-
cally advanced breast cancer (LABC) receiving chemotherapy
[24], [33]. However, advanced machine learning algorithms
and supervised learning techniques should be deployed in
order to design a complete computer-aided-theragnosis1 (CAT)
system that can reliably and automatically classify responding
and non-responding patients early after the start of treatment
administration.
While machine learning techniques have been extensively

used for the design of computer-aided-diagnosis (CAD) sys-
tems for breast cancer diagnosis using ultrasound data, rela-
tively few studies have attempted to use such techniques to de-
tect tumour responses to treatment in a computer-aided-therag-
nosis system. For example, texture features [36]–[40], morpho-
logical features [36], [41], [42], and fractal parameters [43] have
been used along with a linear or quadratic discriminant analysis
[36], [37], support vector machines [38], [39], [44], or neural
networks [42] in CAD systems for breast cancer detection, clas-
sification, and diagnosis [45]. In comparison, the design of com-
puter-aided-theragnostic systems is a much younger field and
the contributions of machine learning techniques into the de-
sign of CAT systems is far behind their counterparts for diag-
nosis, i.e., CAD systems. To the best of our knowledge, no CAT
system has been yet introduced for breast cancer response mon-
itoring using ultrasound or for other cancer types or modalities
and this is one of the earliest attempts to address this interesting
and useful area of research.
In the research here, a CAT system was designed and de-

veloped to assess cancer response monitoring, non-invasively,
using conventional-frequency QUS spectral parametric maps in

1Theragnosis: THERApy + diaGNOSIS is an emerging field that associates a
diagnosis with a targeted therapy based on the therapeutic outcome to identify
patients most likely to be helped or harmed by a new medication [35].
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patients with locally advanced breast cancer (LABC) receiving
neoadjuvant chemotherapy. Ultrasound data were acquired
from patients at treatment onset and at three different times
during treatment administration at weeks 1, 4, 8, and pre-op-
eratively, i.e., within one week before surgery. Two feature
sets were derived from the QUS data, i.e., the histogram of
intensity and local binary patterns (LBPs) [46], and used as the
feature descriptors of QUS parametric maps. Maximum mean
discrepancy (MMD) [47]–[50], which is a recently introduced
kernel-based metric, was deployed to compute the distances
between “pre-” and “during-treatment” samples as a measure
of treatment effectiveness. Since responding patients are much
more prevalent than non-responding ones, a random undersam-
pling [51] of the responding patient group was deployed as a
simple yet effective technique for learning from imbalanced
data [52].
Textural features using LBP as a state-of-the-art texture

method, and gray-scale intensity features were used to char-
acterize the parametric maps. The MMD method was first
introduced by Gangeh et al. to quantize cell death responses
to cancer treatment in xenograft tumour models [53], [54].
This method is a distance measure, appropriate when there
are multiple data samples available from two populations to
be compared. It is a kernel-based measure, implying that its
computation is reliant on inner products taken in a reproducing
kernel Hilbert space (RKHS). By using a kernel function
to nonlinearly transform input vectors into a different, pos-
sibly higher-dimensional feature space, and computing the
population means in this new space, enhanced group separa-
bility—compared to, e.g., Euclidean distance in the original
feature space—is ideally obtained.
This work represents one of the first studies to apply machine

learning techniques such as kernel-based methods and super-
vised learning on QUS imaging for cancer response monitoring
in clinical applications such as LABC (Fig. 1). An early ver-
sion of this work with limited experiments/results was presented
in [55]. It has been shown that using MMD can significantly
improve the classification performance compared with simple
metrics such as norm on both feature sets, histogram of in-
tensity and LBP, as well as their combination. Combining the
two feature sets further improved the results of classification in
the work here.

II. METHODS

A. Patient and Ultrasound Data Acquisition

In this study, patient data collection was performed with prior
clinical research ethics approval from Sunnybrook Health Sci-
ences Centre. Data was collected from 56 patients with LABC
aged between 29 to 67 years. Tumour
sizes ranged between 2 and 15 . Biopsy was
performed on all patients prior to therapy in order to confirm
a cancer diagnosis. In order to measure the initial tumour size,
and also to determine the residual tumour size after the comple-
tion of the course of treatment, “pre-treatment” (before treat-
ment onset) and “post-treatment” (immediately before patient
surgery) magnetic resonance images (MRI) of the breast were

Fig. 1. The schematic of a computer-aided-theragnosis (CAT) system.

acquired for each patient when possible2. Clinical and patholog-
ical data were also used to determine tumour response.
Ultrasound (US) data for all patients was acquired following

standardized protocols. The US data including B-mode images
and radiofrequency (RF) data were collected prior to neoadju-
vant chemotherapy, which was used as “pre-treatment” baseline
for comparison with the subsequent scans. The next three scans
were acquired during the course of the treatment regimen, i.e.,
on weeks 1, 4 and 8 after the start of treatment. The last scan
was collected pre-operatively within one week prior to mastec-
tomy/lumpectomy surgery, which is typically performed 4 to
6 weeks after the completion of 2–4 months of chemotherapy
administration.
Ultrasound data were collected using a Sonix RP ultrasound

system (Ultrasonix, Vancouver, Canada), with an L14–5/60
linear transducer with a center frequency of . The
transducer's focus was set at the midline of the tumour with
a maximum depth of 4–6 cm, depending on tumour size and
location. The RF data were digitized at a sampling rate of 40
MHz. Approximately 3–5 image planes were acquired from
the tumour, depending on the tumour size, with a scan plane
separation of about 1 cm.

B. Histological Analysis and Ground Truth

Whole-mount pathology slides of size 5” 7” were obtained
by mounting mastectomy specimens removed during surgery
[56], which were subsequently stained with hematoxylin and
eosin (H&E) and digitized at 2 micron resolution using a con-
focal scanner (TISSUEscope™,Huron Technologies,Waterloo,
ON). The examination of the pathology slides provided infor-
mation on tumour residual size and the extent of cellularity in
addition to its grade and response.
Subjects were categorized into two groups: responding
and non-responding patients. This categoriza-

tion was performed by assessing the changes in overall tumour
volume reduction and residual tumour cellularity, which were

2Out of 56 patients in this study, MRI scans were acquired from 40 and 17 of
them “pre-” and “post-treatment”, respectively.
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determined from clinical reports, diagnostic MRI imaging (ini-
tial and residual tumour size), and histopathology data (residual
tumour size and cellularity).
Modified from the response evaluation criteria in solid tu-

mours (RECIST) [57], a 30% or more reduction in tumour long
axis dimension constituted a responding case, otherwise, a non-
responding label was given. As an exception to this rule, pa-
tients whose residual tumour cellularity (overall volume of vi-
able tumour cells) was categorized as low were labeled as re-
sponders even if there was less than 30% size reduction. Con-
versely, patients whose residual tumour cellularity was high de-
spite more than 30% reduction were labeled as non-responders.
The modified RECIST discussed here is based on the results of a
study that demonstrated residual tumour cellularity is an impor-
tant prognostic factor in breast cancer treated with neoadjuvant
chemotherapy, which should be taken into consideration in asso-
ciation with the RECIST metric of bulk tumour shrinkage [58].
Fig. 2(b) displays representative whole-mount histopathology
slides at high magnification for a typical responder and non-re-
sponder patients.

C. Quantitative Ultrasound Analysis
Standard techniques of spectral estimation [59] were used to

derive an estimate of the frequency spectrum, which is further
described as follows.
1) Spectral Parametric Maps: The analysis of ultrasound

RF data was performed across all acquired scan planes with
identifiable tumour regions using quantitative ultrasound (QUS)
spectroscopy. From each plane, a region of interest (ROI) con-
taining the tumour was selected, and subsequently segmented
into smaller square blocks (called RF blocks), con-
sisting of 20 adjacent Hanning-gated RF segments, which is ap-
proximately equivalent to 10 wavelengths, with a 95% overlap
between adjacent blocks in both axial and lateral directions for
QUS analysis. The power spectrum over each RF blockwas sub-
sequently estimated by first, computing the fast Fourier trans-
form (FFT) of the Hanning-gated RF segments and then, av-
eraging them over each RF block. In order to remove system
dependent effects such as system transfer function, transducer
beam forming, and diffraction effects, the obtained power spec-
trum was normalized (by subtraction) using the power spectrum
of a tissue mimicking ultrasound phantom, and also corrected
for frequency dependent attenuation [60]. The phantom, con-
structed in-house modified from [61], was an agar-based gel
embedded with soda-lime glass microspheres ( di-
ameter), which was scanned with the same settings used for the
tissue scans.
Linear regression analysis was performed on the calculated

normalized and attenuation-corrected power spectrum [62],
[63], within a bandwidth from the transducer's center
frequency (4.5–9.0 MHz), resulting in three parameters mapped
over regions of interest, which we shall refer to as parametric
maps: (a) the intercept of the fit line to the vertical axis, termed
the 0-MHz intercept (or intercept in short); (b) the slope of the
fit line, termed the spectral slope (SS), and (c), the mid-band
fit (MBF), which is the normalized power (in dBr) at the center
frequency . These quantitative parameters can be related to
the acoustic scatterer concentration, effective acoustic scatterer

Fig. 2. (a) Representative B-mode images, mid-band fit, and 0-MHz inter-
cept spectral parametric maps overlaid on the corresponding B-mode images
for a typical responder and non-responder. The images are acquired from the
same nominal tumour locations prior to the start of neoadjuvant chemotherapy
(Pre-Tx) and during the course of treatment, i.e., on weeks 1, 4 and 8. The colour
bar represents an increase of to 28 dBr for MBF and to 43 dBr for
0-MHz intercept; the scale bar is . (b) Representative high magnifica-
tion microscopic images of whole-mount histopathology slides for a responder
(left) and a non-responder patient. The scale bar is .

size, and ultrasound backscatter power, respectively [62], [63].
The parameters were extracted at each position of the RF block,
and assigned to the central pixel of the block instead of the
whole overlapping area in order to avoid smoothing effect due
to 95% overlapped areas. Typical “pre-” and “during-treatment”
MBF and intercept parametric maps are shown in Fig. 2(a) over
different treatment time intervals.
Different sets of QUS parameters have been applied in pre-

vious studies on tissue characterization [64]–[67] and therapy
response monitoring [22], [31], [68], [53], [69]. In this study,
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0-MHz intercept, SS, and MBF were extracted. However, since
MBF and 0-MHz intercept provided better results in classifica-
tion between responding and non-responding cases, the results
are reported for features derived only from these two parametric
maps.
2) Feature Extraction: QUS spectroscopy leads to the gen-

eration of 2D parameter maps from the ROIs as explained in
the previous subsection. To reduce the dimensionality of the
2D maps and to extract a more representative/discriminative
and concise data description, feature extraction techniques were
used. Probability density estimates, used as features, can be ef-
fective data descriptors for a large, multidimensional object,
such as an image. Due to the very high intrinsic dimension-
ality and unconstrained input environments of these domains,
it was deemed to be inappropriate to assume a distribution of
the data. Alternatively, nonparametric density estimates of the
features can be used to represent data. There no assumptions
are made about an underlying distribution of the data (whether
it be Gaussian, Poisson, etc.). Nonparametric models support
multimodal data, without the complexities of estimating mix-
ture models at the cost of being frequently higher-dimensional
than a parametric model.
Since the responses developed in tumours due to the admin-

istration of cancer treatment are often heterogenous [70], tex-
ture methods have recently been proposed to characterize the
parametric maps [68]. Here, the local binary pattern method
(LBP), which is considered as one of the state-of-the-art tex-
ture descriptors, was used to extract textural features from the
parametric maps. The LBPs were originally proposed by Ojala
et al. [46] as some predefined microstructure local operators
that could efficiently extract textural features. Its application has
been since extended to non-textural image applications such as
in face recognition [71] and also to medical applications [72].
It represents an image by a histogram of the LBPs, and hence,
can be considered as a unified statistical and structural texture
descriptor. The LBP estimates the underlying distribution of mi-
crostructural patterns, such as edges, corners, spots, and lines,
of an image through a histogram of predefined binary opera-
tors. The LBP operator can be extended to rotation invariant and
multiresolution analysis, as explained below after providing the
basic formulation for LBP.
According to [46], in a circular neighborhood of radius

with central pixel and evenly spaced surrounding pixels
, the LBP is defined as

(1)

where is the Heaviside step function and is the gray
level at the pixel . In (1), if a surrounding pixel is not ex-
actly corresponding to a center pixel, its gray scale value is es-
timated by interpolation [46]. By considering the sign of dif-
ferences—implemented using the Heaviside unit function in
(1)– instead of the exact difference values , as
long as the relative ordering between the gray scale values of
the surrounding pixels and the center pixel does not change,
the output of (1) remains unchanged, resulting in gray scale in-
variance. In addition, LBP can also be made rotation invariant

Fig. 3. (a) A generic operator with and , the signifi-
cance locations of the surrounding pixels are also shown w.r.t. the
binary number generated. (b), (c), and (d) The illustration of constructing rota-
tion invariant LBP by rotating the operator clockwise until the minimum binary
number is obtained. Note that (b) and (d) are vertical and horizontal edges, re-
spectively, but both will have the same representation in .

(denoted as ) by rotating the circular operator until the
lowest possible binary number is achieved, i.e.,

(2)

where is a function that performs -bit right rotation
on the -bit number . Fig. 3 provides an illustration on how
rotation invariance can be achieved using (2).
It was demonstrated in [46] that so called “uniform” patterns,

i.e., patterns with very few spatial transitions, are the funda-
mental properties of texture in the sense that above 90% of the
local binary patterns appearing in a texture image are the uni-
form patterns. In this way, uniform 2 rotation invariant LBPs
denoted as can be defined as

if
otherwise,

(3)
where is the number of spatial transitions on its argument,
which is a pattern. The generates at most dis-
tinct values and therefore, the corresponding histogram will be
of the same number of bins. By computing LBPs at several dif-
ferent values of and , multiresolution analysis can be per-
formed. Themost common combinations in the literature
are , , and , which are also used in this study.
In this study, two different feature sets were used to repre-

sent each ROI: 1) the intensity histograms (as a nonparametric
density estimator), which take into account gray scale intensity
information, and 2) at several different com-
binations as the textural descriptors of the corresponding para-
metric maps. Fig. 4 depicts the two aforementioned feature sets
computed on representative responding and non-responding pa-
tients using mid-band fit parametric maps before and during the
course of treatment at weeks 1, 4 and 8.

D. Maximum Mean Discrepancy

Maximum mean discrepancy (MMD) is a kernel-based ap-
proach that can effectively and efficiently measure the distance
between two probability distributions. There are two motiva-
tions behind using MMD in this study: First, it is assumed that
the parametric maps taken from “pre-” and “during-treatment”
come from two distributions and the distance between these
two distributions can be computed using MMD. If the distance
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Fig. 4. The histograms of intensity and LBPs computed for a repre-
sentative responder and non-responder onMBF parametric maps over the course
of treatment. As can be observed, the histograms of intensity for the responding
patient shift towards higher intensity values in the MBF parametric maps over
the course of treatment, whereas they remain almost unchanged for the non-re-
sponder. Likewise, the histograms of binary patterns vary for the responder,
whereas they are almost unchanged for the non-responder over the course of
treatment.

is large, it indicates that the treatment has been effective and
the data samples are indeed from two different distributions. In
contrast, a small distance means that the parametric maps from
“pre-” and “during-treatment” are not very much different, thus,
the treatment has not been effective [24]. Second, a kernel-based
approach such as MMD (as opposed to simple measures such
as norm) benefits from mapping data to a high (possibly in-
finite) dimensional feature space and computing sample means
in this space takes into account high order statistics (up to in-
finity), thus, better discrimination is feasible.
The concept of MMD [47] is based on Müller's definition of

an integral probability metric [73]. This metric was designed as
a measure to compare the dissimilarity of probability measures3

, and depends on finding a function from amongst the
space of functions that can maximize the distance

(4)

If and , i.e., and have distributions and
, respectively, (4) can be written as

(5)

where is the expectation function. If it is assumed that is
a unit ball in reproducing kernel Hilbert space (RKHS) , it
can be proved that , if and only if
[50], an important property in the application of cancer response
monitoring. Hence, from now on, the definition of MMD is re-
stricted on the class of functions as the unit ball in RKHS .
Since is an RKHS, according to the Riesz rep-

resentation theorem [74], there is a feature mapping
such that and

, where is the

3A probability measure has unit area.

inner product operator and is a positive definite kernel
function. Based on this, (5) can be written as [48], [50]

(6)

By working with the squared version of the MMD and
knowing that , we are able to identify an
elegant method of computing it using kernels:

(7)

where (i.e., and are independent random vari-
ables with the same distribution ) and .
In practice, (7) is computed empirically using a finite number

of data samples taken from the distributions and . To this
end, if and are and data
samples drawn independently and identically distributed (i.i.d.)
from and , respectively, the empirical can be com-
puted using

(8)

As can be seen from (7) and (8), the data is mapped from the
original feature space to the RKHS using a kernel , a
positive definite function which can perform nonlinear transfor-
mations on the data, thereby potentially enhancing the accuracy
of linear discriminants in this alternate feature space. Empirical
MMD can be computed efficiently for data samples in

time4, and therefore compared to other dissimi-
larity measures for distributions such as Parzen estimation or di-
vergences, MMD is far more suited to real-time image analysis.
While MMD was originally proposed in the literature as a

technique for statistical hypothesis testing [47], [48], [50], it is
used here as a feature to represent the distance between “pre-”
and “during-treatment” data samples of each subject in a dis-
similarity space. This enables using computed MMD values in
a supervised learning approach, e.g., by submitting them as fea-
tures to a classifier. Moreover, this provides the possibility for
combining them with other features (if needed) to enhance the
discrimination power of the designed classification system.

E. Learning From Imbalanced Data
There are situations where the number of data samples is not

equally distributed across different classes. Imbalanced data
prevalently exists in medical applications. For example, the
“Mammography Dataset”, which has been widely used in the

4An alternative approach has been proposed in [50] with a computational cost
of , which is useful in case of existing large data samples but it is not
the case in this study.
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evaluation of designed algorithms for learning from imbalanced
data (see, e.g., [75]), includes 10923 normal cases (majority
class), whereas the number of abnormal cases (minority class)
is only 260. The LABC data used in this study is also imbal-
anced as the number of responding patients (“R” class) is 42
while the number of non-responders (“NR” class) is 14.
The fundamental problem with the learning from imbalanced

data is that the training of a classifier can be overwhelmed by
the majority class and tend to ignore the minority class. This has
immense hindering effects on the performance of many stan-
dard learning algorithms and results in unfavorable accuracies
across different classes of the data. To bemore specific, standard
learning methods that do not properly compensate for learning
from imbalanced data usually lead to high accuracies (close to
100%) on the majority class and very poor performance (be-
tween 0–10%) on minority class [52]. This problem is particu-
larly more severe when the cost of misclassification on the mi-
nority class is higher than the misclassification of the data be-
longing to the majority class, which is mostly the case in med-
ical applications. For example, in cancer response monitoring,
the ramification of assigning a non-responder to the “R” class
is overwhelmingly costly, more than classifying a responder to
the “NR” class, as the former misclassification means delay in
switching from an ineffective treatment, whereas the latter usu-
ally means that a follow up is required to confirm the ineffective-
ness of treatment before switching to a more effective therapy.
Among the proposed algorithms that address the problem of

learning from imbalanced data [52], sampling methods provide
a simple mechanism, which usually lead to improved overall
classification performance on base classifiers [76], [77]. Sam-
pling methods are broadly divided to two groups: random over-
sampling and random undersampling. While random oversam-
pling balances the data by replicating the data samples from
the minority class and appending them to the training samples,
random undersampling, achieves this purpose by removing data
samples from the majority class [52]. Since random oversam-
pling may lead to overfitting due to appending replicated data
from the minority class to the original data set [78], random un-
dersampling was adopted in this study as implemented below.
Let and be the set of majority (responder) and

minority (non-responder) classes, respectively. The undersam-
pling method randomly subsamples a set of from , where
we choose .

F. Proposed Computer-Aided-Theragnosis System
After the computation of spectral parametric maps for each

ROI, the normalized (to unit area) histograms of intensity and
LBP operators were separately extracted for the MBF and
0-MHz intercept parametric maps.
The MMD distance between “pre-” and “during-treatment”

samples of each subject (patient) was then computed using
the empirical formulation given in (8). The first term in (8)
computes the similarities among all “pre-treatment” ROIs of
each subject whereas the last term computes the same for all
“during-treatment” ROIs of the same subject. The middle term,
on the other hand, computes the pairwise similarities
between the ROIs in the “pre-treatment” and the ROIs in
the “during-treatment” of the same subject. The radial basis

function (RBF) kernel was selected as the kernel in these
computations given by

(9)

where is the width of the kernel. To avoid over-fitting due to
tuning using small data samples, a self-tuning approach sim-
ilar to what has been explained in [79] was used to set the
kernel width for the RBF kernel. That is, the median of all
(Euclidean) distances among the “pre-” and “during-treatment”
samples was considered as the kernel width for each subject at
a specific treatment interval.
Before the submission of the MMD features to a classifier

and to compensate for the imbalanced distribution of the data
samples across the two classes of responders (42) and non-re-
sponders (14), random undersampling was performed on the
responders class such that the number of data samples in this
class be the same as the number of non-responders. This was
done in order to avoid compromising the performance of the
classifier on non-responders class due to the dominating effects
from the responders class on classifier training as explained in
Section II-E.
The last stage was to train a classifier such as a naïve Bayes

classifier using the MMD values as features, and the ground
truth values as labels in a dissimilarity-based classification
scheme [80]. This approach, of treating distances or dissimi-
larities directly as features, requires a symmetric dissimilarity
measure, ideally obeying the triangle inequality, such as MMD.
A naïve Bayes classifier achieved the best results compared
to support vector machines (SVMs) with RBF kernels and
-NN classifiers in this study, and therefore the results were

only reported for this classifier. In this way, attention could be
focused on the relative performance differences between the
MMD method and alternatives.

III. RESULTS
Data collected from each patient during treatment on weeks

1, 4 and 8 was independently compared to baseline, which was
the “pre-treatment” data for the same patient (refer to Fig. 2).
In addition to the performance evaluation of the proposed CAT
system to correctly classify the patients to responders and non-
responders, a statistical test of significance was performed be-
tween responders and non-responders at each treatment time to
assess whether the two populations exhibit any significant dif-
ferences in changes for each particular measured QUS-based
feature-distance combination.

A. Alternative Features and Dissimilarity Measures
The performance of the proposed CAT system was tested on

two spectral parametric maps, mid-band fit and 0-MHz inter-
cept, the two features sets explained in Section II-C2, histogram
of intensity (“HistInt”) and local binary patterns (“LBP”), and
on MMD as a dissimilarity measure between the ROIs at a spe-
cific treatment time (“during-treatment”) and baseline (“pre-
treatment”). The LBP method accounted for the textural fea-
tures. It also enabled multiresolution analysis by using a va-
riety of and combinations (cf. Section II-C2). To this end,

at three different scales were used and combined. It
is known from the previous studies on QUS that ultrasound
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backscatter increases with apoptosis and this affects the level of
mid-band fit and 0-MHz intercept parametric maps [13], [14].
Therefore, since by design, the LBP is invariant to gray scale
changes, and to take into account the variations in intensity,
which conveys useful information in the 2D parametric maps,
the combined feature set of LBP and HistInt was also consid-
ered. Therefore, the histogram of intensity and histograms com-
puted using the LBP operators were concatenated and subse-
quently used for the computation of the dissimilarity between
“pre-” and “during-treatment” scans.
In order to evaluate the contribution of the MMD as a kernel-

based metric in the proposed CAT system, a comparison was
made between a system using the same feature representation as
our proposed approach, i.e., histogram of intensity, LBP, or their
combination, but the dissimilarity between “pre-” and “during-
treatment” was computed using the Euclidean distance (equiv-
alent to norm) instead of MMD.

B. Implementation Details
The rotation invariant uniform 2 LBP features

were used at three different scales using three different
combinations, including the most common, as suggested in
[46]: , , and . The number of bins
for the histograms generated using is , which
is 10, 18, and 26, for the three values used in our study,
respectively. Multiresolution (denoted as ) analysis
was achieved by concatenating the three histograms leading
to a histogram of 54 bins. As for the HistInt, the number of
bins was selected based on a grid search on histograms of sizes
6–20. The histogram size of highest classification accuracy on
the naïve Bayes classifier was selected, which was either 8 or
10 bins in most cases. All the histograms were normalized to
sum to one.
Two main performance evaluation criteria were used in the

study: the statistical test of significance and the performance
of the naïve Bayes classifier to predict whether a patient is re-
sponder or non-responder. The naming scheme used throughout
the figures, charts and text is

The kernel is only associated toMMD and RBF kernel is merely
used. For example, Intercept- -MMD-RBF means that
0-MHz intercept is used as the parametric map with as
the feature set, MMD as the distance measure, and RBF as the
kernel in MMD.
Development took place on a contemporary Windows Core

i5–2520M machine with 8 GB of RAM, using MATLAB
(R2011a, MathWorks, USA).

C. Statistical Test of Significance-R vs. NR
A statistical test of significance was performed to examine

whether the two patient populations of responders and non-re-
sponders exhibit any significant difference in changes during
the course of treatment for the feature-distance combinations
used in this study. The statistical test was based on either

TABLE I
TEST OF STATISTICAL SIGNIFICANCE (UNPAIRED TWO-SAMPLE T-TEST OR

TWO-SAMPLE KOLMOGOROV-SMIRNOV TEST DEPENDING ON THE NORMALITY
OF THE TWO POPULATIONS OF RESPONDERS AND NON-RESPONDERS). THE
-VALUES ARE SHOWN FOR RESPONDERS VS. NON-RESPONDERS DURING

THE COURSE OF TREATMENT

unpaired two-sample -test [81] or non-parametric two-sample
Kolmogorov-Smirnov (K-S) test [82] with a significance level
of . The type of the statistical test was selected de-
pending on whether the changes in the two populations violate
the normality distribution, for which K-S test was used, or
not, where the -test was deployed. No correction for multiple
comparisons [83] was required as the significant tests were
performed independently over the treatment intervals (weeks 1,
4 or 8). Table I reports the results for the different feature-dis-
tance combinations, which are arranged such that the MMD
and norm distances for each feature set appear successively
to facilitate the comparison between the two measures.
There are several immediate observations from the results

provided in Table I. First, between MMD and norm, MMD
led to significant differences in the changes be-
tween the two patient populations in most cases, whereas
norm rarely identified a significant difference in changes be-
tween the two groups except for MBF using combined features
sets on week 8. This demonstrated the advantage of using a
kernel-based metric such as MMD in enhancing the discrimi-
nation power of the CAT system. Second, combining the two
features sets was beneficial as it enhanced the significance of
changes between the R and NR populations using MMD as the
metric. This observation also indicated that both textural and
gray-scale intensity information were useful in the discrimi-
nation of the two populations in cancer response monitoring.
Third, between the two spectral parametric maps, MBF was
more discriminative between the two populations as it led to
significant changes being detected between the two populations
on week 1 for HistInt and combined feature sets with MMD as
the dissimilarity measure, whereas the intercept did not detect
such significant changes on week 1. Finally, it was observed
that multiresolution analysis (using ) did not signifi-
cantly alter the results (refer to Table S1 in the Supplementary).
However, since it does not deteriorate the results regarding sig-
nificant changes in tumour characteristics, when it is not clear
which resolution should be used, multiresolution analysis has
the advantage of collecting the textural information in multiple
scales and taking all of them into consideration in the subse-
quent computations.
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Fig. 5. The classifier accuracy and , sensitivity, and specificity for binary classification between responders/non-responders over three different time periods
during neoadjuvant chemotherapy administration for MBF and 0-MHz intercept spectral parametric maps. Leave-one-out at subject
level was used; results shown are averaged over ten runs over different random undersampled sets of the majority class (responders).

D. Classification of Treatment Response
In order to classify patient treatment response at each treat-

ment interval (weeks 1, 4 and 8), a binary classifier was trained
using the distance values computed for patients between a spe-
cific treatment time and baseline (“pre-treatment”) as the fea-
ture. The patient response determined based on the histology
(Section II-B) and clinical information as needed was used as
ground truth. Leave-one-out at subject level was performed with
the naïve Bayes classifier to successively test the instances. As
was explained previously in Section II-E, since the majority
class (responders) was randomly undersampled to balance the
data, the experiments were repeated ten times using different
subsampled sets of majority class and the results were aver-
aged and reported using three different performance measures
including accuracy, sensitivity, and specificity.
Results are presented in Fig. 5 for the two spectral parametric

maps, MBF and 0-MHz intercept, for individual and combined
feature sets, over the three time intervals during the course of
treatment, i.e., weeks 1, 4 and 8. The results are shown pairwise
to facilitate a better comparison between MMD and norm as
the dissimilarity measures between the “pre-” and “during-treat-
ment” over each feature set in each particular treatment time in-
terval. Since the performance of the LBP at different scales was
more or less the same and the multiresolution LBP provided
similar or slightly better performance than the single scales in
most cases, and to save space, the classification results are only
shown for multiresolution version of the LBP, i.e., for .

The results demonstrated that compared with norm, MMD
improved the classification results, in some cases by about 20%.
For instance, forMBFwith LBP features usingMMD compared
with the same using norm, the accuracy improved on weeks
1, 4 and 8 from 80%, 68%, and 76% to 83%, 85%, and 85%,
respectively.
Generally, the results also indicated that the MBF parametric

map was more discriminative as can be judged from the classifi-
cation accuracy and other classification performance measures
compared to the 0-MHz intercept. Here, e.g., it demonstrated
an accuracy of 83%, 85%, and 85% on weeks 1, 4 and 8 for
Midband- -MMD-RBF versus 80%, 80%, and 73% for
the same weeks using Intercept- -MMD-RBF. Similar
trends can be seen for other performance measures.
Combining the two feature sets, i.e., HistInt and LBP, also

provided an additional asset towards the improvement of the
results. For example, using combined features for MBF with
MMD dissimilarity measure improved the accuracy from 83%
on individual feature sets to 85% on combined features set for
week 1.
Overall, using MMD with the combined feature sets of MBF

values showed the best performance for the binary classification
of treatment response.

E. Discussion

This study demonstrated, for the first time, the viability of the
proposed computer-aided-theragnosis (CAT) system using QUS
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spectroscopy methods in conjunction with advanced machine
learning techniques in supervised learning paradigm. The pro-
posed CAT system can progressively monitor and classify treat-
ment response early after the start of neoadjuvant chemotherapy
adminstration in locally advanced breast cancer patients non-in-
vasively and with high accuracy.
Overall, the combined HistInt and LBP features with MMD

as the distance measure on mid-band fit parametric map indi-
cated the strongest performance amongst the different feature-
distance combinations on the evaluated metrics. The improve-
ment is especially significant compared with norm, which
proves the advantage of using a kernel-based metric to find
the distance between the two distributions coming from before
and during the course of treatment. The main reason is that

norm merely takes into account the first-order statistics of
the underlying distributions, whereas the MMD accounts for
higher-order statistics, which is up to infinity statistics when
using RBF kernel, potentially resulting in enhanced group sep-
aration. The proposed CAT system using MMD as the dissimi-
larity measure demonstrated a significant improvement particu-
larly on weeks 1 and 4, which is very important in cancer treat-
ment monitoring to assess the effectiveness of therapy as early
as possible.
This study demonstrated that texture methods such as

state-of-the-art local binary patterns, which is based on some
predefined binary operators, were beneficial to extract dis-
criminative features from QUS spectral parametric maps. As
observed from the statistical test of significance and also the
performance of the classifier system, using LBP per se can lead
to reasonable discrimination between the two patient popula-
tions of responders and non-responders, especially on weeks
4 and 8. However, since the LBP is gray-scale invariant by
design, it does not take into account the variations in intensity
between the “pre-” and “during-treatment”, which provides
very useful information in cancer response monitoring. This
is because the ultrasound backscatter increases with different
modalities of cell death [13], [14] as proved in the earlier
works of QUS methods [21], [22], which affects the levels of
mid-band fit and 0-MHz intercept parametric maps. There-
fore, it is expected that including gray-scale information into
the LBP method by using the parametric maps histogram of
intensity enhances the discrimination power of the method in
cancer response monitoring. The results of significance testing
and the classifier performance both verified this expectation
as combining the histogram of intensity with the histograms
obtained from LBP operators improved the results, in that it
extended the significant difference in changes to week 1 and
resulted in higher classification performance.
On the other hand, multiresolution analysis slightly improved

classification results compared with the three single scales:
, , and . Although the improvement

was not significant as can be judged from the statistical testing
of significance provided in Table S1 of the Supplementary on
56 patients used in this study, multiresolution LBP takes into
account the textural information at multiple scales which is
beneficial especially when it is not known a priori which scale
provides the best performance. One explanation why the LBPs
in different scales do not provide very much different results

in classification and statistical test of significance could be due
to the smoothing effect of 95% overlap in the computation
of power spectra and consequently spectral parametric maps.
However, this effect was minimized in this study by assigning
the computed values to the central pixel of each RF block
instead of the whole overlapping block as was explained in
Section II-C1. It is worthwhile to mention that multiresolution
analysis by using LBP operators with maximum three-pixel
surrounding radius has shown great success in the
discrimination of textures in benchmark datasets with much
larger texture structures [46], Fig. 3.
In this study, two combinationmethods were used: combining

the two feature sets by concatenating them, i.e., concatenation
of the HistInt and histograms obtained from the LBPs, and con-
catenating the histograms obtained from the LBP method at dif-
ferent scales (multiresolution analysis). However, other types of
combining can also be deployed such as combining the features
obtained from the two parametric maps, combining classifiers
instead of combining features by using multiple classifier sys-
tems [84], etc. The results of this study demonstrated that com-
bining the gray-scale features with textural LBP features are ad-
vantageous. Other types of combinations can be further investi-
gated in future studies.
In this study, using the MMD as a kernel-based metric, sta-

tistically significant differences were detected between the re-
sponder and non-responder patient populations on weeks 1, 4
and 8. This is while using norm as the metric results in sig-
nificant difference in changes between the two populations only
on week 8. Furthermore, it was demonstrated that using the pro-
posed CAT system, the patients can be classified to responders
and non-responders with high accuracy on weeks 1, 4 and 8,
i.e., 85%, 87%, and 90%, respectively. At these three intervals
during the administration of neoadjuvant chemotherapy, a sen-
sitivity of 85%, 95%, and 90%was achieved, respectively while
the specificity was 85%, 85%, and 91%. These results demon-
strate the capability of the proposed CAT system in discrimi-
nating between the two populations of responders and non-re-
sponders early after the start of treatment, which is of vital
importance.
The results of this study suggest that upon the arrival of an

LABC patient undergoing neoadjuvant chemotherapy, the pro-
posed CAT system can be clinically applied to predict ultimate
response to treatment by an early detection of alterations in tex-
tural attributes of QUS spectral parameters complemented with
changes in their gray-scale values. If the patient is identified as
a refractory patient using the proposed CAT system early after
the start of treatment, an objective rational change of the ineffec-
tive treatment to a more effective regimen, or even undertaking
a salvage therapy can be initiated. Patients identified as respon-
ders are also regularly monitored during the course of treatment
using the proposed CAT system to ensure their progressive im-
provement conditions.
Apoptosis causes significant structural/morphological

changes in cells, which begins with nuclear coalescence,
condensation, and fragmentation and eventually leads to nu-
cleus degradation and loss [85], [86]. The earlier in vitro and
in vivo studies demonstrated that high-frequency ultrasound
is sensitive in detecting cell death [21], [22], [25] and that
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nucleus is the major cause for ultrasound backscatter in this
frequency range [25], [26], [87]. However, at conventional
frequencies used in this study, it is not expected to detect
changes in backscatter intensity due to individual micron-sized
particles. Nevertheless, the bulk changes in ensemble of cells
and nuclei have yet an impact on the backscatter intensity
[23], [24]. Particularly, in breast tumours, it is hypothesized
that scatterers are arranged as aggregates in the form of glands
and lobules [88] at conventional-frequency range. In response
to chemotherapy, cell aggregates arranged in the glands and
lobules may undergo nuclear condensation and fragmentation
resulting in aggregative increase in scatterer intensity, which
increases the mid-band fit and 0-MHz intercept [23], [24], [53].
However, these changes do not affect ductal glands and lobules'
sizes, which explains why slope (which is related to scatterer
size) performs poorly in the proposed CAT system (results were
not shown). The results of this study confirmed these changes
and were in accordance to the previous studies on QUS spectral
parametric maps in cancer response monitoring [53], [88].
Recently, there have been several studies investigating other

functional imaging modalities in the application of therapeutic
cancer response monitoring [89]. These are including magnetic
resonance imaging (MRI) [19], positron emission tomography
(PET) [17], diffuse optical imaging (DOI) [90], and elastog-
raphy [91]. However, ultrasound is the most effective modality
in terms of cost and imaging time and its portability is real-
ized by the use of conventional low frequency ultrasound in
the absence of any other major equipment or facilities. In com-
parison, MRI and PET require injection of exogenous agents,
with the latter exposing the patient to potentially high dose of
ionizing radiation, while low resolution DOI presents difficul-
ties in circling tumour boundaries. Elastography is not as sensi-
tive as QUS methods to response monitoring and a recent study
showed that it is useful to discriminate between the two re-
sponding and non-responding populations on week 4 but not
week 1 after the start of chemotherapy adminstration [91]. In
addition, genetic approaches have recently been studied for the
assessment of cancer response to treatment [92], which require
a time-consuming analyses for the quantification of circulating
tumour DNA and gene sequencing, whereas QUS methods po-
tentially provide a quick and non-invasive means to assess tu-
mour response in a timely manner.
It is worthwhile to note that relatively little comparative

analysis appears to have been reported on the possible fea-
ture representations, (dis)similarity measures, learning from
imbalanced data, and supervised learning that are the main
components of computer-aided-theragnosis systems using QUS
technology, which is “on the road” to commercialization and
clinical use. This work aimed to take a step forward in this
direction.
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