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Purpose: To investigate whether biologic image composition of mammographic lesions can improve
upon existing mammographic quantitative image analysis (QIA) in estimating the probability of
malignancy.
Methods: The study population consisted of 45 breast lesions imaged with dual-energy mammog-
raphy prior to breast biopsy with final diagnosis resulting in 10 invasive ductal carcinomas, 5 duc-
tal carcinoma in situ, 11 fibroadenomas, and 19 other benign diagnoses. Analysis was threefold:
(1) The raw low-energy mammographic images were analyzed with an established in-house QIA
method, “QIA alone,” (2) the three-compartment breast (3CB) composition measure—derived from
the dual-energy mammography—of water, lipid, and protein thickness were assessed, “3CB alone”,
and (3) information from QIA and 3CB was combined, “QIA + 3CB.” Analysis was initiated from
radiologist-indicated lesion centers and was otherwise fully automated. Steps of the QIA and 3CB
methods were lesion segmentation, characterization, and subsequent classification for malignancy
in leave-one-case-out cross-validation. Performance assessment included box plots, Bland–Altman
plots, and Receiver Operating Characteristic (ROC) analysis.
Results: The area under the ROC curve (AUC) for distinguishing between benign and malignant le-
sions (invasive and DCIS) was 0.81 (standard error 0.07) for the “QIA alone” method, 0.72 (0.07) for
“3CB alone” method, and 0.86 (0.04) for “QIA+3CB” combined. The difference in AUC was 0.043
between “QIA + 3CB” and “QIA alone” but failed to reach statistical significance (95% confidence
interval [–0.17 to + 0.26]).
Conclusions: In this pilot study analyzing the new 3CB imaging modality, knowledge of the com-
position of breast lesions and their periphery appeared additive in combination with existing mam-
mographic QIA methods for the distinction between different benign and malignant lesion types.
© 2014 American Association of Physicists in Medicine. [http://dx.doi.org/10.1118/1.4866221]
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1. INTRODUCTION

The fundamental information in mammography, i.e., the
single-energy attenuation of low-energy x-rays, has remained

the same since the inception of breast imaging in 1913.1 Re-
placement of film with digital detectors2 has reduced dose and
increased dynamic range but with reduced spatial resolution.
However, despite large changes in imaging characteristics,
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the sensitivity and specificity of digital and film mammog-
raphy have remained comparable,3, 4 indicating that the tech-
nique’s sensitivity and specificity are likely limited by physics
fundamentals.

Recently it was reported that up to 60% of women under-
going annual screening mammography over a period of 10
years will have a false-positive result.5, 6 Thus, the modest ac-
curacy of mammography can subject many women to unnec-
essary, and not necessarily harmless, invasive work-up. For
example, it is well established that only about 25% of biopsies
are breast cancer among women aged 40–79 years under-
going screening mammography.7 Thus, new techniques are
needed to reduce the number of lesions selected for biopsy.

Computer-aided detection for mammography is a method
in clinical practice providing radiologists with a “second
opinion” on the presence of suspicious lesions that may re-
quire biopsy.8 Computer-aided diagnosis, which provides ra-
diologists with the likelihood that an identified lesion is
malignant and should be biopsied, has been limited to re-
search settings. In reader studies it has been shown that
computer-aided diagnosis, or more generally, quantitative im-
age analysis (QIA) for mammography may improve diagnos-
tic accuracy.9, 10 QIA methods for mammography are based
on information available in 2D single-energy x-ray attenua-
tion images and are hence bound by limitations inherent in
mammography.

We developed an extension of x-ray mammography, called
Three-Compartment Breast (3CB) composition and based on
dual-energy mammography, to quantify the absolute molec-
ular tissue compartments of lipid, protein, and water by
introducing two new independent sources of information:
high-energy x-ray attenuation and breast tissue thickness
distribution. With these three pieces of information (low-
energy attenuation, high-energy attenuation, thickness) for
every pixel in a breast lesion and its periphery, we created
images that contain single molecular compartments of lipid,
protein, or water.11 Different lesion types are expected to ex-
hibit distinct atomic compositions because they typically con-
sist of different proportions of tissue components. Both ma-
lignant and benign lesions, e.g., are known to have higher
water content than normal breast tissue,12 and invasive can-
cers are expected to show high degrees of vascularity. The
underlying hypothesis is that 3CB “signatures,” i.e., image-
based biomarkers, are unique for each lesion type and hence
can be used to better identify which lesions require biopsy.
In past studies, we developed a method for dual-energy
x-ray mammography using a calibration phantom to mea-
sure breast density.13 In parallel, we developed a highly
accurate method for modeling breast thickness using a geo-
metric phantom attached to the compression paddle and com-
bined the thickness measure with a screening mammogram
to estimate breast density.14 By combining the two meth-
ods, we developed a method to estimate the local composi-
tion of imaged breast tissue in terms of its water, lipid, and
protein content.11 In order to estimate water, lipid, and pro-
tein content separately, we measured the x-ray attenuation
in a standard screening mammography image, the x-ray at-
tenuation in a high-energy/low-dose mammography image,

and the thickness using the model derived from our geomet-
ric phantom. We then modeled the individual compartment
thicknesses from the high and low energy attenuations using
a priori calibration data from a previously scanned calibration
phantom with 26 different combinations of lipid (wax), water
(solid water), and protein (Delrin).11

The long-term goal of our effort in 3CB imaging is to
determine whether biological diagnostic measures of breast
lesions, obtained using widely available standard full-field
digital mammography equipment, can help in the diagnosis
of breast cancer. The technique may be implemented during
both screening and diagnostic mammography with only small
changes to the x-ray dose or procedures. In this paper, we
present the first in vivo results of biologic image composition
of mammographic lesions on women with abnormal breast
findings on diagnostic mammography. In addition, we exam-
ine whether inclusion of 3CB measures improve the perfor-
mance of mammographic QIA methods to differentiate be-
nign from malignant breast lesions.

2. METHODS

2.A. Patient population

Images were acquired in a prospective clinical trial under
IRB-approved HIPAA-compliant protocols involving patient
consent. Fifty women with suspicious findings at mammog-
raphy (BIRADS 4 and 5 assessment) were recruited to be im-
aged with dual-energy mammography in order to assess 3CB
prior to biopsy. The women were recruited consecutively by
a part-time recruiter from January 2010 through December
2011 at a Same Day Imaging Clinic (diagnostic imaging and
biopsy on the same day). Exclusion criteria for the study were
failure to receive a biopsy, known prior breast cancer, known
prior biopsies, protocol failure, inability of our radiologist to
identify the breast lesion on the low-energy x-ray attenuation
image, and inability to schedule additional imaging prior to
biopsy.

Breast biopsies were clinically reviewed by the Pathology
Department at the University of California San Francisco. Of
the 50 women, twelve were excluded for reasons including;
the finding not identified on mammography, lack of an avail-
able pathology report, reclassification of the finding as benign
(BI-RADS 2) or probably benign (BI-RADS 3) postimaging,
or protocol failures including significant movement between
the high and low energy mammography images, imaging the
wrong breast, imaging a breast where the lesion was not
visible in either craniocaudal (CC) or mediolateral-oblique
(MLO) view, and an unidentified malfunction in our file trans-
fer protocol. For the 39 remaining women, there were 45 dis-
tinct findings of which all but 2 were visible in both CC and
MLO views. There were 10 invasive ductal carcinoma (IDC),
5 ductal carcinoma in situ (DCIS), 11 fibroadenoma (FA),
and 19 benign—other than fibroadenoma—(BN) pathologies.
There were five women with more than one finding: Two
women with a combination of IDC and DCIS, one woman
with a FA and a BN lesion, one woman with two BN lesions,
and one woman with three FA lesions.
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2.B. Imaging system

A single Hologic Selenia full-field digital mammography
system (Hologic, Inc.) was used to image women with 3CB.
This system configuration has a molybdenum x-ray anode and
two internal x-ray filters of either molybdenum or rhodium.
Two mammographic images were acquired on each woman’s
affected breast using a single compression. The first expo-
sure was made to mimic the clinical screening or diagnostic
mammogram conditions such that Selenia’s internal software
chooses the voltage and current settings based on breast thick-
ness (usually below 30 kVp). The second mammographic im-
age was acquired at a fixed voltage of 39 kVp (the highest
attainable voltage on the Selenia unit) and fixed current for all
participants. This high-energy exposure was made using an
additional 3-mm plate of aluminum in the beam to increase
the average energy of the high-energy image. We limited the
total dose of this procedure to be approximately 110% of the
mean-glandular dose of an average screening mammogram.
The calibration standards and 3CB algorithms are described
in full elsewhere.11

An expert board-certified radiologist with 26 years of ex-
perience manually delineated all findings on the low-energy
mammography images. The geometric center of these delin-
eations served as the input (together with the image data)
to out automated image analysis. Since increased noise is a
known limitation of dual-energy decomposition techniques,11

2 × 2 pixel binning was used prior to analysis to reduce noise
and increase the signal to noise ratio. This resulted in an im-
age resolution (pixel size) of 140 μm.

2.C. Computerized image analysis

The computerized image analysis was performed retro-
spectively on deidentified data and consisted of three main
steps: (1) QIA using the raw low-energy mammography im-
ages alone, “QIA alone,” (2) analysis of the 3CB (water,
lipid, and protein) images alone, “3CB alone,” and (3) a com-
bined analysis of low-energy mammography and 3CB im-
ages, “QIA+3CB.” The general steps in the analysis were
lesion segmentation, lesion characterization through extrac-
tion of mathematical descriptors, i.e., features, and subse-
quent classification for malignancy.

The “QIA alone” analysis served as the reference method
and was performed using “established” in-house research
methodology. Computerized segmentation was performed on
the low-energy mammography images, using a slightly mod-
ified version of a previously published method,15 and sub-
sequently used to characterize findings in those images as
well as in the corresponding water, lipid and, protein images
(Fig. 1). The features extracted for the “QIA alone” analysis
have been described elsewhere16–18 and included features de-
scribing morphology (such as lesion shape and margin charac-
teristics) and texture. It is important to note that often multiple
(correlated) mathematical features describe a single physical
characteristic. For the analyses including 3CB information,
the following features were extracted from the water, lipid,
and protein thickness images: the mean, median, standard

deviation, and skewness within the segmented region as well
as within a surrounding 5-mm-thick border, i.e., the periphery.

Feature selection was performed for “QIA alone,” “3CB
alone,” and “QIA+3CB” features using stepwise multilin-
ear regression for the task of distinguishing between malig-
nant and benign findings. Selected features were subsequently
used as input to a neural net classifier to obtain the estimated
probability of malignancy (PM) for each finding in leave-one-
case-out cross validation. We performed two types of cross
validations: The primary approach was leave-one-lesion-out
(eliminating all data pertaining to a lesion from classifier
training during one training/testing step), and the secondary
approach was leave-one-patient-out (eliminating all data per-
taining to a given patient). The latter was performed due to
concern about correlation between multiple findings within
one patient. In both approaches, the PM of a lesion was cal-
culated as the average of the estimates obtained from the CC
and MLO views (when visible in both views).19 All reported
leave-one-case-out results were obtained using the primary
approach, unless otherwise noted.

2.D. Performance evaluation

The ability of individual computer-extracted features to
distinguish between different finding-types was assessed by
comparing characteristics of the four types of findings (IDC
versus DCIS versus FA versus BN), and by comparing one
finding type to all other finding types combined [e.g., ma-
lignant (IDC+DCIS) versus benign (BN+FA) or IDC ver-
sus (DCIS+FA+BN)]. For this purpose, we used box plots
and Receiver Operating Characteristic (ROC) Analysis20, 21

with the area under the ROC curve (AUC) as the figure of
merit. ROC analysis was performed using the lesion-based
computer-estimated probabilities of malignancy as decision
variable. Analysis at this level was done separately for “QIA”
and “3CB” features and was intended to uncover trends rather
than to perform extensive comparisons.

The performance of the selected features merged by the
neural net classifier was assessed on a detailed level com-
paring the estimated PMs, and on a comprehensive level
through ROC analysis. The former analysis included com-
parison of PMs obtained with “QIA alone” versus “3CB
alone” (scatter plot), and “QIA+3CB” versus the reference
method “QIA alone,” both in the absolute sense (Bland–
Altman plot22) and in the relative sense (plot of the relative
shift in PM). ROC analysis was performed for “QIA alone,”
“3CB alone,” and “QIA+3CB” using the proper binormal
model20 to obtain AUC values. Statistical significance of the
difference in AUC between the reference method “QIA alone”
and the combined method “QIA+3CB” was determined using
the 95% confidence interval obtained through bootstrapping
(1000 iterations).

3. RESULTS

Suspicious mammographic findings were found to have
highly noticeable compositional changes relative to surround-
ing tissue in the 3CB compositional images (Fig. 1).
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FIG. 1. Example images of (a) an invasive ductal carcinoma (IDC) and (b) a fibroadenoma (FA): Full field CC view (low-energy mammogram) and regions-of-
interest of the (1) low-energy x-ray mammogram, (2) water, (3) lipid, and (4) protein images without (top) and with (bottom) the computer-determined lesion
boundaries (dashed line), radiologist manual outline (solid line, on low-energy mammogram only), and radiologist-indicated lesion center (“x”). Computer-
determined lesion boundaries were used in all calculations presented here.

3.A. Individual features

Features showing the largest overall difference in the
median value between the four types of findings—IDC,
DCIS, FA, and BN—were entropy for “QIA,” and the
median water thickness within the periphery surrounding
the computer-segmented finding for “3CB,” respectively
(Fig. 2). Entropy (within the segmented lesion on low-energy
mammography)—a measure of disorganization—was on av-
erage highest for IDC and lowest for fibroadenomas. The wa-
ter thickness in tissue surrounding the findings was on average
highest for IDC and lowest for the other-type benign lesions
(other than fibroadenomas).

Features obtained from “QIA” (low-energy mammogra-
phy) and “3CB,” that individually offered the best pair-wise
discrimination between the four lesion types, obtained simi-
lar AUC values (Table I). For “QIA” features, both morpho-
logical and textural features were amongst the best perform-
ing. The main radiologic identifying factor for IDC lesions
was spiculation, i.e., IDC lesions tended to be more spicu-
lated than all other lesions. In the distinction between DCIS
and benign lesions, a combination of margin sharpness and

lesion shape was the most important, with DCIS lesions ap-
pearing less circular with less distinct margins (a lower value
for the radial gradient measures). Fibroadenomas had on aver-
age a smoother appearance than other-type benign lesions (a
lower value for the texture measure). For “3CB” features, the
best individual performers included features from all compo-
nents (water, lipid, and protein thickness images). IDC lesions
tended to have a less asymmetrical lipid distribution (lower
skewness) than DCIS, a larger difference in water thickness
between lesion and periphery than fibroadenomas, and more
water in their periphery than all other lesions (Fig. 2). DCIS
tended to have a larger difference in lipid thickness between
the segmented region and its periphery than fibroadenomas,
and a more asymmetrical distribution of water in its periphery
(higher skewness) than other-type benign lesions. Fibroade-
nomas had on average higher protein content relative to that
in the periphery than other-type benign lesions.

Features from “QIA” and “3CB,” that individually offered
the best discrimination between one type of finding and all
other finding types combined (Table II), obtained AUC val-
ues similar to each other and were similar in nature to those
in the pair-wise assessment (Table I) but with slightly lower
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FIG. 2. Boxplots of (a) a QIA feature and (b) a 3CB feature [standardized (“zscore”) to zero mean and unit standard deviation σ ] selected in stepwise feature
selection in the task of distinguishing between malignant and benign lesions. A horizontal line in each box indicates the median value, the box boundaries denote
the 25th and 75th percentiles, the whiskers indicate the range excluding outliers, and “+”s mark individual outliers.

performance. In the distinction between all malignant
(IDC+DCIS) and all benign (FA+BN) findings, malignant
findings tended to have a less homogeneous appearance than
benign ones on the low-energy mammography images (higher
entropy) with a more asymmetrical water distribution in their
periphery (higher skewness). In feature selection, five fea-
tures were selected for the task of distinguishing between ma-
lignant and benign findings, of which four were described
above (Tables I and II). The additional selected feature was
the “QIA” feature of margin sharpness (Fig. 4), with the ma-
lignant findings having more ill-defined margins than benign
findings.

3.B. Merged features: Estimated probability
of malignancy

The probability of malignancy for all findings, as esti-
mated by the neural net classifier within leave-one-case-out
cross-validation, obtained for “QIA alone” and “3CB alone”
analyses differed substantially for some cases while agreeing

for other ones [Fig. 3(a)]. The obtained values were weakly
correlated at best with a correlation coefficient between the
PM obtained in the “QIA alone” and “3CB alone” analyses
of 0.23 (p = 0.12). Combined analysis, “QIA+3CB,” ap-
peared beneficial with respect to the reference “QIA alone”
[Figs. 3(b) and 3(c)], obtaining on average a higher PM for
malignant findings and a lower PM for benign ones. The im-
provement in PM of the “QIA+3CB” analysis with respect
to the “QIA alone” analysis seemed more pronounced for
malignant findings than for benign findings [Fig. 3(c)]. The
“QIA+3CB” computer-estimated probabilities of malignancy
were substantially correlated with those from “QIA alone”
and those from “3CB alone” with correlation coefficients of
0.80 (p∼10−11) and 0.73 (p∼10−8), respectively.

3.C. Merged features: ROC analysis

The area under the ROC curve (AUC) for the task of distin-
guishing between benign and malignant lesions (both invasive
and in situ) was 0.81 (standard error 0.07) for the reference

TABLE I. Pair-wise discrimination between the four different lesion types for “QIA alone” features and “3CB alone” features: Best performing individual
features with their AUC value. Note that this table combines information from two symmetrical tables: One table for the best performing QIA features and
one for the best performing 3CB features. In the table presented here, entries above the diagonal pertain to QIA features and entries below the diagonal
to 3CB features. For example, the best performing 3CB feature for the distinction between BN and IDC was “water: median in periphery” with an AUC
value of 0.71, and the best QIA feature for this task was “FWHM lesion” with an AUC value of 0.65 (features selected by stepwise feature selection for
the task of distinguishing between malignant and benign lesions indicated in bold font, IDC = invasive ductal carcinoma, DCIS = ductal carcinoma in situ,
FA = fibroadenoma, BN = benign other than FA).

N IDC DCIS FA BN
N 10 5 11 19

IDC 10 . . . QIA FWHMa border 0.76 QIA FWHMa lesion 0.69 QIA FWHMa lesion 0.65
DCIS 5 3CB Lipid: Skewness w/in lesion 0.71 . . . QIA Radial gradient margin 0.78 QIA Radial gradient 0.70
FA 11 3CB Water: Relativeb σ 0.75 3CB Lipid: Relativeb mean 0.80 . . . QIA Texture (σ c) 0.69
BN 19 3CB Water: Median in periphery 0.71 3CB Water: Skewness in periphery 0.72 3CB Protein: Relativeb mean 0.73 . . .

aFWHM = full width at half maximum of gray value histogram.
b“Relative” indicates the value w/in the lesion with respect to that in the lesion periphery.
cσ = standard deviation.
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TABLE II. Individual features with the highest AUC in the task of discriminating between N lesions of given pathology and those of all other pathologies
(features selected by stepwise feature selection for the task of distinguishing between malignant and benign lesions are indicated in bold font, IDC = invasive
ductal carcinoma, DCIS = ductal carcinoma in situ, FA = fibroadenoma, BN = benign other than FA).

QIA 3CB
N Feature AUC Feature AUC

IDC 10 FWHMa border 0.66 Water: Median w/in periphery 0.66
DCIS 5 Circularity 0.71 Water: Skewness w/in lesion 0.71
FA 11 Radial gradient margin 0.65 Protein: Relativeb median 0.70
BN 19 Texture (σ c) 0.64 Protein: Relative mean lesion 0.65
IDC+DCIS 15 Entropy 0.66 Water: Skewness w/in periphery 0.68

aFWHM = full width at half maximum of gray value histogram.
b“Relative” indicates the value w/in the lesion with respect to that in the lesion periphery.
cσ = standard deviation.

method “QIA alone” [Fig. 4(a)], 0.72 (0.07) for “3CB alone”
[Fig. 4(b)], and 0.86 (0.04) for “QIA+3CB” (Fig. 5). The
median difference in AUC was 0.043 between “QIA+3CB”
and “QIA alone” but the difference in AUC failed to reach
statistical significance (95% confidence interval [–0.17 to
+ 0.26]). The corresponding AUC values obtained in the sec-
ondary leave-one-patient-out analysis, were 0.80 (0.07), 0.70
(0.07), and 0.84 (0.05) for “QIA alone, “3CB alone,” and
“QIA+3CB,” respectively.

4. DISCUSSION

This pilot study was based on the first in vivo application of
three-compartment breast imaging and investigated the utility
of biological measures of local breast tissue composition in
the distinction between different lesion types and as an ad-
junct to QIA for the diagnosis of breast cancer. Analysis of
lesions and their periphery using the 3CB images of water,
lipid, and protein thickness showed promising performance.
It was interesting to note that many of the 3CB features
important in the distinction between different lesion types per-
tained to the 5-mm-wide lesion periphery, i.e., the surround-
ing parenchyma (within the accuracy of the computerized le-
sion segmentation method). These features appear to reflect
angiogenesis for the malignant lesions (water content), the

presence of less fat in malignant lesions, and lesion-specific
changes in protein content.

Several studies have shown differences in composition for
different lesion types. Raptopoulos et al. measured the com-
puted tomography (CT) attenuation of 44 surgical biopsy
specimens using x-ray CT and found that fibroadenomas
showed significantly higher CT attenuation than malignant
tissue.23 The high lesion water content and low lipid con-
tent measured for fibroadenomas is consistent with this work.
Cerussi et al. estimated the composition of 58 malignant
breast lesions relative to normal breast tissue using broad-
band infrared diffuse optical spectroscopy.24 They found that
malignant breast tissues showed reduced lipid content and in-
creased water content relative to normal breast tissue. In a
later study, Kukreti et al. measured differences between be-
nign and malignant lesions using broadband infrared diffuse
optical spectroscopy.25 They were able to differentiate be-
tween malignant lesions and fibroadenomas with sensitivities
and specificities of 91% and 95%, respectively. The authors
of the study speculated that the differences in spectrum were
attributable to changes in lipid metabolism. We found, simi-
larly, that malignant tissue had higher water and lower lipid
content than normal (background tissue). However, it is not
clear how our results may be interpreted in terms of lipid
metabolism.

FIG. 3. The computer-estimated probability of malignancy in leave-one-case-out cross-validation (a) obtained by “3CB alone” vs “QIA alone” analyses, (b) in
a Bland–Altman plot of “QIA+3CB” and “QIA alone” analyses, and (c) as the relative shift of “QIA+3CB” with respect to “QIA alone.”
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FIG. 4. Areas under the ROC curve (AUC) for individual features selected in stepwise feature selection and features merged by a neural net in a leave-one-
case-out cross-validation for (a) “QIA alone” and (b) “3CB alone.”

A limitation of this study was the modest size of the
dataset, and hence trends were observed rather than statisti-
cally significant improvements regarding the analysis includ-
ing the new 3CB imaging modality with respect to the refer-
ence method of “QIA alone.” The performance for the task of
distinguishing between benign and malignant lesions in the
leave-one-patient-out analysis appeared to be slightly lower
than in the leave-one-lesion-out analysis, but the trend to-
wards improved performance when combining 3CB and QIA
was the same. It is also important to note that the weak corre-
lation between the computer-estimated probability of malig-
nancy obtained in the “QIA alone” analysis and that obtained
in the “3CB alone” analysis, indicates that QIA measures
and localized 3CB measures were largely independent and
provided different predictors of breast cancer. Hence, there

FIG. 5. ROC curves for leave-one-case-out cross-validation for “QIA alone”
(AUC = 0.81 ± 0.07), “3CB alone” (AUC = 0.72 ± 0.07), and “QIA+3CB”
(AUC = 0.86 ± 0.04).

should be ample opportunity for synergy when combining
these two methods.

Future plans include robustness testing with respect to the
computerized lesion segmentation method and the impact of
the radiologist-determined lesion centers.19 It may be possible
to further improve our overall method by adapting and fine-
tuning the segmentation method (which was currently not fea-
sible due to the limited size of the dataset). It is worth noting,
however, that similar trends were observed in analysis (not
presented here) based on the expert radiologist manually de-
termined lesion boundaries. Patient recruitment for this study
will resume shortly and in the coming years a large dataset
will be collected allowing verification and improvement of
our methodology, as well as more extensive statistical testing.
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