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ABSTRACT
Full-field digital mammography (FFDM) and magnetic resonance imaging (MRI) are gold-standard
techniques for breast cancer detection. The newly contrast-enhanced digital mammography
(CEDM) integrates the complementary strengths of FFDM and MRI, and is being incorporated into
the practice of leading institutions. The current clinical practice using CEDM is sub-optimal
because it is primarily based on clinicians’ trained eyes. Automated diagnostic systems under the
conventional machine learning paradigm suffer from drawbacks, such as the requirement for pre-
cise segmentation, extraction of shallow features that do not suffice for diagnostic images, and
adoption of a sequential design without a global objective. We propose a deep learning (DL)-
empowered diagnostic system using CEDM, the core of which is a novel dual-mode deep transfer
learning (D2TL) model. The proposed system is innovative in several aspects, including (1) a dual-
mode deep architecture design; (2) use of transfer learning to facilitate robust model estimation
under small sample-size; (3) development of visualization techniques to help interpret the model
results and facilitate inter- and intra-tumor malignancy quantification; and (4) minimization of
human bias. We apply D2TL to classify benign vs. malignant tumors using the CEDM data col-
lected from the Mayo Clinic in Arizona. D2TL outperforms competing models and approaches.

KEYWORDS
Deep learning; transfer
learning; breast cancer;
imaging-based diagnosis

1. Introduction

Breast cancer contributes to 15% of the death caused by
cancers worldwide due to its high incidence and high mor-
bidity (Ferlay et al., 2015). In the US, about 12% of women
suffer from invasive breast cancer (Howlader et al., 2017).
The American Cancer Society recommends screening tests
for women at average risk. A woman is considered to be at
average risk if she does not have a personal or strong family
history of breast cancer or a genetic risk factor, and has not
had chest radiation therapy before the age of 30 (American
Cancer Society, 2017).

Full-field digital mammography (FFDM) is the most
commonly used technique for breast cancer screening and
diagnosis due to its relatively fast imaging time, low cost,
and wide accessibility. However, the sensitivity of FFDM is
limited due to the masking effect caused by normal dense
breast tissues. The sensitivity of FFDM is particularly low
for patients who have a first-degree relative with breast can-
cer history, have a known BRCA1/BRCA2 gene mutation, or
are young (Warner et al., 2004).

Dynamic contrast-enhanced magnetic resonance imaging
(DCE-MRI) has been reported to have better sensitivity in
detecting breast cancer (Berg et al., 2012). However, com-
pared to FFDM, DCE-MRI has lower accessibility, higher
cost, and requires much longer imaging time. Moreover,
DCE-MRI has relatively low specificity, which results in a

higher percentage of unnecessary biopsies for benign tumors
and/or overdiagnosis. These disadvantages limit the usage of
DCE-MRI as the first choice for breast cancer screening.

Contrast-enhanced digital mammography (CEDM) is a new
imaging technique maximizing the advantages of both FFDM
and DCE-MRI. During CEDM examination, an iodine-based
contrast agent is intravenously administered. Two minutes
later, images are acquired at low energy (LE) and high energy
(HE), respectively. The LE image is similar to a standard
FFDM. The LE image is then subtracted from the HE image
to produce a “recombined” image. The recombined image
highlights areas of tumor neovascularity based on the same
principle of DCE-MRI. However, CEDM is much cheaper and
four times faster than DCE-MRI in image acquisition (Patel
et al., 2017). Since its appearance, CEDM has attracted signifi-
cant attention and is being incorporated into the breast cancer
practices of leading medical institutions worldwide.

At present, how to optimally use CEDM images to classify
between malignant and benign tumors is one of the most
important questions researchers and clinicians strive to answer.
The current clinical practice is based primarily on radiologists’
trained eyes. This has been a major obstacle that hinders the
broad adoption of CEDM because specially trained radiologists
are needed to read and interpret the images. Also, there exists
large intra- and interreader variability, causing low reproducibil-
ity in using CEDM for breast cancer diagnosis (Tagliafico et al.,
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2016; Lobbes et al., 2014). In order to effectively address these
challenges, automatic systems that use data-driven machine
learning algorithms to analyze CDEM images for improved
diagnostic results offer a promising research direction.

If conventional machine learning were used, a typical
imaging-based diagnostic system would include three major
steps: tumor segmentation, feature extraction, and classifica-
tion. Tumor segmentation aims to delineate the tumor
boundary in order to allow features to be extracted from the
tumor in the next step. While computerized segmentation
algorithms exist, they typically require user intervention,
such as parameter adjustment and manual correction of the
contours (Wang et al., 2008; Gomez et al., 2010), which can
be subjective and error-prone. This limitation is particularly
serious for breast cancer diagnosis because existing work has
found that the shape of a tumor is an important predictor
for malignancy (Naik et al., 2008; Dom�ınguez and Nandi,
2009). For correct shape identification, the segmentation
algorithms need to be highly accurate, which is a challenging
requirement to fulfill.

After segmentation, the typical next step is feature extrac-
tion from the segmented tumor area. In imaging-based diag-
nosis, effective feature extraction has been regarded as
highly important (Joo et al., 2004; Armato and Sensakovic,
2004; Sun et al., 2013). Diagnostic imaging features typically
include shape- and texture-related features. As mentioned
previously, shape features heavily depend on segmentation
accuracy. To extract texture features, various texture analysis
algorithms exist, such as gray level co-occurrence matrix
(GLCM; Haralick and Shanmugam, 1973), local binary pat-
terns (LBP; Ojala et al., 1994), and Gabor filters (Gabor,
1946). However, each of these algorithms has several tuning
parameters, the choice of which is ad hoc. Thus, extraction
of useful features requires trial and error, and the reproduci-
bility is typically low (Schwedt et al., 2015; Hu et al., 2015).
In addition, all of the shape and texture features are consid-
ered to be “shallow” features. They are shallow compared
with features extracted by deep learning (DL) algorithms,
because only one or two levels of abstraction of the observed
image are contained in these features, which fall short in
accounting for the complexity of diagnostic images. Finally,
after feature extraction is classification, in which a classifier
is trained on the features extracted previously to classify a
tumor as malignant or benign. There is a bank of choices
for different classification algorithms, from linear to nonlin-
ear, from parametric to non-parametric, from generative to
discriminative, with examples including regression, support
vector machines (SVM), and random forest, to name a few.

There are clear limitations in the previously described
three-step diagnostic system based on conventional machine
learning. In addition to the inherent drawbacks within each
step, the combined three steps are sequential and not in an
integrated framework. The risks of a sequential system
include: (1) error propagation; i.e., mistakes made at an ear-
lier step will affect later steps; (2) sub-optimality; i.e.,
because each step is only optimized for a local objective, glo-
bal optimal performance is not guaranteed.

The emergence of DL has started a new paradigm for
machine learning and artificial intelligence (AI). Recent
years have witnessed the success of DL in many fields of
computer vision, including medical imaging. Compared with
the three-step diagnostic system based on conventional
machine learning, a DL-empowered system has several
advantages. First, DL revolutionizes feature extraction. By
considering an observed image to be the result of hierarch-
ical abstraction at many different levels, DL extracts a deep
hierarchy of features by building high-level features from
low-level ones. In this way, the rich information contained
in an image is dug out at an unprecedented depth. Second,
feature extraction and classification are integrated during the
optimization of the deep architecture, while conventional
machine learning separates the two steps.

In this article, we propose a DL-empowered breast cancer
diagnostic system using CEDM, the core of which is a novel
dual-mode deep transfer learning (D2TL) model. In addition
to taking advantage of the state-of-the-art development of
DL architectures, the D2TL system is innovative in the fol-
lowing aspects:

� We propose a novel dual-mode deep architecture to
account for the special characteristics of CEDM images.
As briefly mentioned previously, a CEDM examination
produces images at LE and HE, respectively. Under each
energy, there are two images corresponding to two views
of the suspicious breast; i.e., the mediolateral oblique
(MLO) and craniocaudal (CC) views. The LE-MLO
image is subtracted from the HE-MLO image to produce
a recombined-MLO image. Similarly, a recombined-CC
image can be obtained. Therefore, four images need to
be examined in breast cancer diagnosis: LE-MLO, LE-
CC, recombined-MLO, and recombined-CC. By honoring
the similarity and differences between the multi-mode
(LE and recombined) and multi-view (MLO and CC)
images, our proposed design facilitates the learning of
optimal feature representation.

� We propose to use transfer learning to train our dual-
mode deep model in order to address the problem of
limited CEDM data. Specifically, we use a pre-trained
Inception V3—a state-of-the-art convolutional neural
network (CNN) model—built upon ImageNet to provide
initial parameter estimation, and then use CEDM data to
fine-tune the parameters. In this way, knowledge gained
on classification of natural images is transferred to breast
cancer diagnosis using CEDM.

� We develop visualization techniques to help interpret the
deep model results. A major criticism of DL is the lack
of interpretability as a black-box model. This has been
an obstacle that hinders its broad clinical adoption.
Clinicians are reluctant to trust a model that they cannot
understand. Our visualization techniques enable creation
of (1) graphical representation for each class (benign or
malignant) to show between-class difference; and (2)
influential graphs to show the contributions of image
pixels to each patient’s diagnostic result. The latter cap-
ability facilitates quantification of inter-tumor and intra-
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tumor malignancy heterogeneity, and thus provides a
valuable tool to guide precision treatment.

� Our D2TL system does not need precise segmentation,
but only a rough localization of the tumor area. This can
be done by an average user with little medical training.
Also, although tumor sizes vary substantially, a uni-size
box can be used for the localization across different
tumors. Essentially, D2TL is a segmentation-free, tumor-
size-insensitive, and localization-error-resilient system
that minimizes human bias and maximizes automation.

The rest of this article is structured as follows: Section 2
reviews the related work and points out limitations; Section
3 presents the development of the D2TL breast cancer diag-
nostic system using CEDM; Section 4 presents application
case studies using real data; and Section 5 provides
the conclusion.

2. Related work

DL models have been used for medical image classification
in recent years and shown promising results. A major line
of research uses DL as a feature extractor in order to extract
deep features from images. The features can then be used to
build a classifier. For example, Suk et al. (2014) used a deep
Boltzmann machine (DBM) to find latent hierarchical fea-
ture representation from magnetic resonance imaging (MRI)
and positron emission tomography (PET) patches and then
applied a SVM for classifying between Alzheimer’s disease
(AD), mild cognitive impairment (MCI), and healthy con-
trols. For the same classification task, Liu et al. (2014)
designed a deep learning architecture that contained stacked
auto-encoders (SAE) to learn a feature representation of
MRI images. Cheng et al. (2016) used SAE to differentiate
benign and malignant cases in two applications: one was to
classify breast lesions based on ultrasound images; the other
was to classify pulmonary nodules based on CT scans.

Beginning with the ImageNet Competition in 2012
(Russakovsky et al., 2015), CNNs—a category of DL mod-
els—have become the mainstream for computer vision appli-
cations including medical imaging analysis. The
performance of CNN classifiers has been significantly
improved by deploying deeper architectures since 2014
(Simonyan and Zisserman, 2014; Szegedy et al., 2015). In
deep CNN models, many convolution kernels are stacked as
computing layers, and millions of parameters need to be
estimated during the training process. Such complex models
require a large amount of training samples so that the
parameters are not incorrectly estimated. This requirement
is difficult to satisfy for many medical image datasets due to
cost and availability constraints. Training sample shortage
has been a major obstacle that hinders the building of a
CNN model from scratch.

To overcome the sample size limitation, transfer learning
provides an effective approach. Transfer learning is a class
of machine learning methods that builds a model for a tar-
get domain by leveraging the data or knowledge from a
related source domain (Weiss et al., 2016; Zou et al., 2015;

Huang et al., 2012). When the target domain has limited
data, knowledge transferred from the source domain helps
to make up for the data shortage and to build a robust
model. Transfer learning can be integrated with DL, result-
ing in a deep transfer learning framework that pre-trains a
DL model on a large dataset (source domain) and then uses
the small dataset from the target domain to fine-tune the
model parameters. When medical images are the target
domain, a reasonable choice for the source domain is the
ImageNet dataset, which contains millions of natural images
from thousands of categories. Researchers have studied
transferring knowledge from ImageNet classifiers to imag-
ing-based medical diagnosis. For example, Zeng and Ji
(2015) combined a pre-trained VGG CNN model
(Simonyan and Zisserman, 2014) with three convolution
layers and two fully connected layers for multi-task classifi-
cation using in-situ hybridization (ISH) images of mouse
brains. A similar approach was applied to ISH drosophila
images by Zhang et al. (2016).

Focusing on breast cancer diagnosis, DL has been used
for FFDM images. For example, Dhungel et al. (2015a,
2015b) combined an R-CNN model and a random forest
classifier to detect and classify breast masses. Based on
manually segmented regions of interest, Arevalo et al. (2016)
proposed a CNN classifier with four layers of convolution
feature maps for mass lesion classification. L�evy and Jain
(2016) utilized pre-trained CNN models with fine-tuning
and showed that knowledge gained from the pre-trained
CNN can be effectively transferred to breast mass classifica-
tion. Considering CEDM images, Mateos et al. (2016) pro-
posed an algorithm based on 17 GLCM descriptors, which
achieved a sensitivity of 0.93 and a specificity of 0.79.
Danala et al. (2018) proposed multiple MLP classifiers based
on 109 features, including tumor volume, entropy of tumor
region, fluctuation mean of background, wavelet features
and other statistical features, which achieved a sensitivity of
0.8077 and a specificity of 0.7273. Both articles belong to
the conventional machine learning framework for image-
based breast cancer diagnosis, as mentioned earlier, which
requires segmentation, feature extraction, and classifier
training. The limitations of this conventional framework
include the need for accurate segmentation, use of shallow
features, and sequential procedure susceptible to error
propagation and sub-optimality.

To our best knowledge, no research has been done to
analyze CEDM images using DL models for breast cancer
diagnosis. The challenges are as follows: (1) CEDM is a rela-
tively new imaging technique. Therefore, the sample size is
far too small to satisfy the requirement of training a DL
model from scratch. Pulling patient images from different
institutions to create a large data repository is possible, but
not available due to lack of cross-institutional patient priv-
acy preservation agreements. This is indeed a universal
problem for many other medical applications, not just
CEDM. In general, it is much harder to build DL models
for medical applications compared to natural images such as
ImageNet, which are easier to obtain and more straightfor-
ward to share from different sources. (2) Transfer learning
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is a promising approach to allow DL models to be built
from a small dataset by leveraging the knowledge in a pre-
trained deep architecture that uses a large amount of data in
a related domain such as ImageNet. However, the existing
deep transfer learning models are not directly applicable to
our problem because they do not take into account the spe-
cial characteristics of the multi-mode and multi-view CEDM
images. (3) A major criticism of DL is its lack of interpret-
ability as a black-box model. Despite the great success of DL
in many fields, our understanding about how the large num-
ber of complicatedly connected neurons work in a DL net-
work still is lacking. In medicine, interpretability of a model
is important for many reasons. First, clinicians tend to be
reluctant to use a model that they cannot understand.
Second, once they understand it, they will be able to use
their domain knowledge to help with model validation and
suggest further improvement. In recent years, efforts have
been made by a number of researchers to facilitate interpret-
ation of deep models (Yosinski et al., 2015; Erhan et al.,
2009; Zeiler and Fergus, 2014; Simonyan et al., 2013). This
capability is highly desirable for the CEDM-based DL model
that we are developing for breast cancer diagnosis. (4) DL
models have been used for breast cancer diagnosis using
FFDM images, but not CEDM. Most of the existing studies
depend on manual tumor segmentation as the first step and
use DL as a feature extractor. We would like to avoid seg-
mentation and reduce human involvement by moving
toward a DL-empowered automated diagnostic system.

3. Development of the D2TL diagnostic system
using CEDM images

Our proposed system is based upon CNN. A number of dif-
ferent CNN models have been proposed in the past few
years. Choosing an appropriate CNN model is important for
the development of our system. To enable a proper choice,
we first introduce six cutting-edge CNN models, followed by
a comparison of their performances in Table 1.

AlexNet (Krizhevsky et al., 2012), first proposed in 2012,
consists of eight neuron network layers—the first five layers
are convolution layers with large (11� 11) convolution ker-
nels and the last three layers are fully connected (FC) layers.
A VGG model (Simonyan and Zisserman, 2014) (also
known as ConvNet) was proposed by the Visual Geometry
Group at Oxford University in 2014 and consists of 16 or
19 layers; namely, “VGG-16” and “VGG-19,” respectively.
Different from AlexNet, the VGG networks use smaller con-
volution kernels with only 3� 3; and stack smaller convolu-
tion kernels to replace large ones. The original Inception
model (Szegedy et al., 2015) (also known as GoogLeNet)

uses multiple sizes of convolution kernels, and adopts 1� 1
kernels introduced in increasing the depth of the network
for better representation, and to reduce the dimension of
feature maps for lower complexity. The ResNet introduced
shortcut connections into DL and addressed the degradation
problem when the network goes deeper (He et al., 2016).
InceptionV3 (Szegedy et al., 2016) was proposed to improve
the original Inception model and increased the depth of the
whole network.

It can be seen from Table 1 that InceptionV3 achieved
the best performance among all of the CNN models, using a
relatively small number of parameters. Therefore, we choose
to use Inception V3 as the base model to build our system.
Specifically, our proposed system includes four modules, as
shown in Fig. 1. The details of each module are presented in
Section 3.1–3.4.

3.1. Tumor area localization

As discussed earlier, a conventional machine-learning-based
diagnostic system requires precise segmentation of the
tumor boundary as the initial step. In D2TL, segmentation,
neither manually nor via computerized algorithms, is
needed. Instead, users are only required to place a box
roughly around the tumor area, which we call “localization”
in order to differentiate it from precise segmentation.
Location of the box is not crucially important as long as the
box captures some part of the tumor. Size of the box can be
kept the same for tumors of different sizes. In this way, we
hope to minimize human involvement and maxi-
mize automation.

Specifically, in our experiment, we found that a uni-size
box of 256� 256 pixel2 worked well for our data that con-
tained tumors of varying sizes ranging from 35� 37 to
1175� 881 pixel2. Here, a tumor size a� b corresponds to
the smallest outside rectangle that fully contains the tumor.
Also, our experiment showed that location of the box did
not significantly affect classification performance. For
example, even when we shifted the box on each tumor in a
randomly picked direction by 20 pixels, the classification
accuracy stayed the same. Figure 2 illustrates these experi-
mental results using two tumors/patients. Details of the
experiments are further presented in Section 4.1 and
Section 4.2.

Although the generalizability of these experimental obser-
vations is yet to be confirmed with more data, we prelimin-
arily draw several conclusions: (1) Precise segmentation of
each tumor is not needed for D2TL. This greatly alleviates
the workload of clinicians, reduces the requirement for
rigorous medical training in order for an institution to

Table 1. Model size and performance comparison among different CNN models.

Deep Learning Model Top-1 error rate Top-5 error rate # of parameters

AlexNet (Krizhevsky et al., 2012) 37.5% 17.0% 60 million
VGG-16(Simonyan and Zisserman, 2014) 28.07% 9.33% 138 million
Inception(Szegedy et al., 2015) – 9.15% 6.8 million
ResNet-50(He et al., 2016) 20.74% 5.25% 25.6 million
ResNet-152 (He et al.., 2016) 19.38% 4.49% 60.2 million
InceptionV3 (Szegedy et al., 2016) 18.77% 4.2% 23 million
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adopt CEDM in their practice, and helps improve accessibil-
ity of CEDM to broad patient populations. (2) Although
tumor sizes vary substantially across different patients,
D2TL can use a uni-size box for all tumors. Note that a
uni-size box will capture a small tumor in its entirety plus
normal tissue (Fig. 2(a)), and only part of a large tumor
(Fig. 2(b)). In the eyes of conventional machine learning,
using such a uni-size box is far from satisfactory—it
includes too much noise (normal tissue) for small tumors
and too little signal (tumor tissue) for large tumors; add-
itionally, shape information cannot be leveraged for large
tumors in the subsequent classification. However, all of these
adverse factors for conventional machine learning do not
seem to concern D2TL. (3) The performance of D2TL is
insensitive to some degree of location shifts of the box. The
reason for this tolerance of small segmentation errors and
the ability of extracting predictive features from noisy
images may be related to the functions and collaboration of
two types of layers in D2TL and other CNN-based DL mod-
els. Specifically, the “convolutional layer” can be considered
as a linear combination of pixels within local small areas.
Such calculation smooths the original input and produces a
higher-level abstraction in which each pixel represents a
small region of the original input. It is easy to see that such
calculation is tolerant of small shifts/errors of the segmenta-
tion, since the local features will not change much. The
“pooling layer” is designed to progressively reduce the

spatial size of the representation to reduce the amount of
parameters and computation. In this sense, the pooling layer
can also be considered an abstraction on a large range of
the original input. In DL framework design, it is common
to insert pooling layers periodically in between successive
convolutional layers. These two types of layers together
abstract a range of input pixels into single values, which
means that if the change occurs only in a small range, such
as a small shift, the output will not change much. As the DL
model goes deeper, such tolerance will be magnified layer by
layer, and at the very end of layers, the values may represent
a large range of original inputs and therefore be robust to
segmentation errors.

3.2. Dual-mode deep architecture design

In this section, we present a novel design of the DL archi-
tecture used in D2TL to account for the special characteris-
tics of CEDM images. As mentioned earlier, in a patient’s
CEDM examination, a total of four images are produced for
the suspicious breast. Figure 3 shows a sample of the four
CEDM images. The recombined images on the left-hand
side highlight contrast enhancement resulting in a brighter
potential tumor mass. However, by suppressing normal
breast density, texture information is not captured by the
recombined images. In contrast, the LE images on the right-
hand side capture rich texture details of vessels, fibro-glan-
dular and skins; however, the tumor mass can be hidden in
dense breast tissue. Clearly, images produced under the
same mode (i.e., two images on the same column in Fig. 3)
share more similarity in feature representation than images
under different modes (i.e., two images on the same row).

Figure 1. Building blocks of the D2TL breast cancer diagnostic system
using CEDM.

Figure 3. CDEM images of the suspicious breast of a patient produced from
two views (MLO and CC) under two modes (recombined and LE). Red arrows
are manually added to point out the potential tumor mass.

Figure 2. Tumor area localization by placing a uni-size box roughly around the
tumor area for (a) a small tumor (157� 206) and (b) a large tumor (675� 728).
The green solid box represents the original placement; the green dashed box
represents a random shift with which the classification accuracy is not affected.
Note that (a) and (b) only show a zoomed-in region of the entire CEDM image
for clarity of the presentation.
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The CC and MLO images from the same mode are oriented
differently but do not differ much in their per-
ceived features.

If not considering the previously described special charac-
teristics of CEDM images, one would adopt two possible DL
architectures: simple pooling, which feeds four images from
two views and two modes to a single DL model; and separ-
ate modeling, which feeds four images to four individual DL
models. Both architectures are sub-optimal. The former
assumes same feature representation for the four images,
which is an overly simplified assumption, as can be clearly
seen from Fig. 3. The latter does not leverage the similarity
among the images. Also, training four separate models is
computationally intensive, and the associated overparamete-
rization easily leads to overfitting that makes the trained
model generalize poorly on unseen data.

We propose a dual-mode DL model to leverage the
within-mode similarity of feature representation for the
images from two views. The proposed architecture includes
two individual InceptionV3 models for recombined and LE
images, respectively. We trim several uppermost layers of
each InceptionV3 model and then add our own convolution
layers to construct a two-class (malignant vs.
benign) classifier.

Specifically, the input to each InceptionV3 model is the
MLO and CC images under the same mode and the output
is a 4096-D feature representation vector. This vector is then
sent to an abstraction layer with a dropout layer and a fully
connected layer to produce a 512-D output. Next, outputs
from mode-specific abstraction layers are combined and
then sent to another dropout and fully connected layer,
which is further connected to a softmax function that uses
0.5 as the threshold for classifying cases into one of two
classes. Figure 4 illustrates the details of this architecture
design. By pushing the images of two views under the same

mode through a single InceptionV3 model and the images
under different modes through separate models, the pro-
posed design honors the unique similarity and difference in
feature representation for the four images produced
by CEDM.

3.3. Training of the dual-mode DL model by
transfer learning

It is clear that training a DL model requires a large number
of samples in order to achieve good performance. In many
medical applications, especially those involving new technol-
ogies like CEDM, the available samples are typically very
limited. While one could argue that we can wait until suffi-
cient samples are accumulated before training the DL model,
this would be time-consuming and hinder the new technol-
ogy from being evaluated and benefiting the broader patient
population. Transfer learning is a class of machine learning
methods that integrate the knowledge gained from a differ-
ent but related domain with the target domain’s specific
data in order to build a model for the target domain that
performs better than using the target domain’s data alone.
Considering CEDM images as the target domain, a related
domain is natural images. DL models have been trained on
ImageNet, a dataset that contains millions of natural images
from thousands of categories (Simonyan and Zisserman,
2014; Szegedy et al., 2015). To enable transfer learning from
natural image classification to CEDM-based breast cancer
classification, we propose to use a pre-trained InceptionV3
on ImageNet to initialize the parameter estimation in our
dual-mode DL model presented in Section 3.2. Then, we use
our CEDM data to fine-tune the parameters. Figure 5 illus-
trates the model training process using transfer learning.

Figure 4. Proposed dual-mode deep architecture design. Abbreviations: convolution module (conv_mod); inception module (incpt_mod); max pooling layer (p);
concatenate layer (c); dropout layer (d); fully connected layer (fc).
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3.4. Visualization-enabled interpretation

D2TL is an imaging-based diagnostic system for which we
believe that two types of interpretation are important. One
is to understand how the malignant and benign classes differ
in the input image space. If we could generate a graphical
representation for each class, visually comparing the two
graphs would help us discover which image characteristics
distinguish the two classes and how well the two classes are
separated based on the image data. To produce a graphical
representation of each class, Ic; c 2 fmalignant; benigng; we
can solve the following optimization:

argmin
Ic

yc�fc Icð Þ� �2 þ k Icj jj j22: (1)

Here, yc ¼ 0 or 1 corresponds to the benign or malignant
class. fc Icð Þ is the score of class c; which is generated by input-
ting graph Ic to the trained DL model. In D2TL, fc Icð Þ is the
output of a softmax function ranging between 0 and 1: �j jj j2 is
an l2-norm. k is a regularization parameter. In essence, (1)
aims to find an l2-regularized graph for class c that minimizes
the loss between the true label and predicted score of the class.
This idea is similar to the class representation proposed by
Simonyan et al. (2013). Solving (1) to find Ic can be achieved
using the back-propagation method (Rumelhart et al., 1988).
Note that CEDM generates four images for each patient,
which means that Ic is, in fact, a set of four graphs for class c:

The second understanding we would like to provide is to
visualize the influence or contribution of each image pixel
on the diagnostic result (benign or malignant) of a patient.
Let I be the set of four CEDM images from a patient.
Further denote all of the pixels in I by a vector X: fc Xð Þ is a

complicated nonlinear function of X in D2TL, but can be
approximated with a linear function by Taylor Series; i.e.,

fc Xð Þ � wT
c X þ bc (2)

where wc ¼ @fc
@X

���
X0

can be obtained by back-propagation.
Magnitude of the j-th element in wc; wcj; reflects influence/
contribution of pixel Xj on the diagnostic result. We can
plot the absolute elements in wc to visualize the influences
from all of the image pixels.

4. Application for breast cancer classification
using CEDM

In this study, we obtained CEDM images of 96 patients
from our collaborative institution, Mayo Clinic in Arizona
(MCA). MCA is the first clinical, non-beta-testing, US Food
and Drug Administration (FDA) approved site to use the
Hologic CEDM technology. The CEDM imaging acquisition
protocol has been described in detail in a previous publica-
tion (Lewin et al., 2003). LE and HE images were acquired
at 26–32 kVp and 45–49 kVp, respectively. A recombined
image was obtained by subtraction between the HE and LE
images under each view (MLO or CC). Each of the 96
patients had a suspicious breast finding and had biopsy-pro-
ven pathology as the gold standard. Biopsy confirmed that
there were 48 malignant cases and the remaining 48 were
benign lesions. In all of the experiments, we randomly select
60, 16, and 20 cases for training, validation, and a blind test-
ing, respectively. Because of the small sample sizes in train-
ing and validation, we apply data augmentation techniques.
To determine the number of augmented images, we refer to

Figure 5. Training of the proposed dual-mode DL model by transfer learning.
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ImageNet, which has a total number of 14,197,122 images
belonging to 21,841 classes; i.e., on average about 650
images per class. In our training set, we have 240 images—
four images for each of the 60 cases (LE-MLO, LE-CC,
recombined-MLO, and recombined-CC)—belonging to two
classes. To construct a similar per-class-size augmented
training set, we augment each image in the original training
set into five alternatives. This results in 600 images per class.
The selection of augmentation parameters follows the stand-
ard procedure in existing CNN studies (Jaitly and Hinton,
2013; Krizhevsky and Hinton, 2009) and is summarized in
Table 2.

Each experiment presented in this section consists of 10
runs, and each run has 100 epochs. During each epoch, aug-
mented training and validation sets are used with the order
of patients randomized. The model achieving the highest
accuracy on the validation set is used to predict the cases in
the test set. The predicted class of each test case is compared
with the true class, and the overall accuracy, sensitivity
(accuracy of predicting truly malignant cases to be malig-
nant), and specificity (accuracy of predicting truly benign
cases to be benign) are reported. All of the experiments are
performed on a computer equipped with NVIDIA GeForce
GTX 1080 GPU (8GB graphic memory) and Intel Core i7
5930K CPU.

4.1. Impact of box size for tumor area localization

D2TL does not need tumor segmentation, but only a box
roughly placed around the tumor area, which we call local-
ization. In this experiment, we study impact of the box size
on classification performance. Specifically, we choose four
different box sizes, 64� 64, 128� 128, 256� 256, and
512� 512 pixels2. Figure 6 shows the tumors from two dif-
ferent patients. Each tumor is overlaid with four green boxes
of the four different sizes. The center of each box was
chosen from the recombined image by the student author,
who represents an average user with little medical training.
Manually segmented tumors by the medical co-author of
this article are highlighted in red and only included to help
readers recognize the location and shape of each tumor, but
they are not used in D2TL for classification. Our dataset
includes tumors of varying sizes ranging from 35� 37 to
1175� 881 pixel2. Using a uni-size box for all tumors will
result in a large portion of normal issue (noise) included in
the analysis for small tumors (Fig. 6(a)) and only part of the

tumor included in the analysis together with exclusion of
the important shape features for large tumors (Fig. 6(b)).
These are difficult situations for conventional machine
learning, but we would like to know if they also
impact D2TL.

Figure 7 shows the training time and test accuracy for
each box size. As expected, training time increases as the
box size increases. Among the four different box sizes,
256� 256 achieves the highest overall accuracy (80%) with
balanced sensitivity (80%) and specificity (80%). A larger
box of 512� 512 has higher sensitivity but much lower spe-
cificity. A larger box has a higher chance of including nor-
mal issue (noise) for small tumors, which seems to hurt
specificity more. Smaller boxes of 128� 128 and 64� 64 do
not perform as well as 256� 256 on any metric. This may
be because there is not enough tumor mass included in the
analysis. Because the 256� 256 box produces the highest
accuracy among the four sizes, we will keep it for all of the
subsequent analysis.

4.2. Impact of shifts in box placement

We would like to evaluate how robust the classification per-
formance is with respect to the location of each box used in
the previous section. Recall that each box in the previous sec-
tion was placed by the student author, a placement that is
already quite “rough.” Here, we would like to add more uncer-
tainty in the box location to assess the robustness of our
approach. Specifically, we shift the center of each box used in

Table 2. Data augmentation.

# Augmented images per original image Augmentation parameters

Training set 5 Shift ratio: (–0.05, 0.05)
Rotation: (–3� , 3�)

Zoom ratio: (–0.05, 0.05)
Horizontal flip
Vertical flip

Validation set 5 Shift ratio: (–0.05, 0.05)
Rotation: (–3� , 3�)

Zoom ratio: (–0.05, 0.05)
Horizontal flip
Vertical flip

Test set No augmentation N/A

Figure 6. Four boxes of different sizes placed roughly around the tumor area
for (a) a small tumor (157� 206) and (b) a large tumor (675� 728).
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the previous section by 20 pixels along a randomly picked dir-
ection. Furthermore, to maintain the coupling relationship
between two images under the same view, we keep their
respective shift directions the same. Figure 8 shows the test
accuracy of the shifted boxes compared with the original box
placement in Section 4.1. The overall accuracy stays the same
(80%), while there is a slight increase in specificity (90%) and
a decrease in sensitivity (70%). This result shows the robust-
ness of D2TL to greater uncertainty in tumor localization,
while more data may be needed to confirm if the sensitivity
and specificity changes are significant. Additionally, we con-
ducted experiments under 10- and 40-pixel shifts and under
each shift size, repeating the experiment 10 times. Test accura-
cies under 10- and 20-pixel shift sizes have no statistically sig-
nificant difference (p¼ 0.487). The test accuracy under 40-
pixel shift size is significantly lower than that under 20-pixel
(p< 0.001). This decreased performance is expected because a
40-pixel shift may cause some boxes to be completely outside
tumor regions (recall that the smallest tumor size in our data-
set is only 35x37).

4.3. Comparison with simple pooling

D2TL features a dual-mode deep architecture design that
leverages the within-mode similarity of feature

representation for the images from two views. An intuitive
alternative method is simple pooling, which trains a single
deep architecture on the four images. The difference
between D2TL and simple pooling is that the former inter-
rogates different feature representations of images produced
from the two modes (LE and recombined), while the latter
assumes the same representation for all images. We would
like to assess the advantage of the proposed dual-mode
design. Figure 9 shows the performance of D2TL in com-
parison with simple pooling. We keep everything else of the
two models the same, such as same initialization, dropout
rates, and learning rate policies, so that we can focus the
comparison on the dual-mode and single architecture
designs. As expected, the dual-mode design takes twice as
much time as simple pooling in training, but outperforms
simple pooling in overall accuracy and sensitivity, as shown
in Fig. 9. This result demonstrates the necessity of honoring
the unique feature representations of CDEM images
by D2TL.

4.4. Tuning strategies in transfer learning

Transfer learning is used in training the dual-mode DL
model, in which we use a pre-trained Inception V3 on
ImageNet to initialize the parameter estimation, and then
use our CEDM data to fine-tune the parameters. In the
fine-tuning, we have an option of tuning all parameters in
the pre-trained model, called a full-tune strategy, or only
tuning the parameters of several layers of the pre-trained
CNNs, called a semi-tune strategy. D2TL adopts the full-
tune strategy, but we are interested in knowing if a semi-
tune strategy would suffice. The potential advantage of a
semi-tune strategy is computational efficiency, because it
only needs tuning of the parameters of a few layers.
Another advantage might be to reduce the risk of overfit-
ting, since we only have limited CEDM data. Specifically, for
the semi-tune strategy, we choose to only tune the parame-
ters of the last three dense layers of the DL model, because
these layers are the closest to the classifier and tuning of
them is expected to impact the performance of the classifica-
tion more than tuning of remote layers. Compared with the
semi-tune strategy, the full-tune strategy needs to tune about
five times more parameters. For fair comparison, we keep

Figure 7. Training time (left) and test accuracy (right) for four different box sizes. Bar height in the right figure represents overall test accuracy and sensitivity/speci-
ficity are indicated on top of each bar in parentheses.

Figure 8. Test overall accuracy, sensitivity, and specificity with original and
shifted box placements.
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everything else of the two strategies the same, such as same
initialization, dropout rates, and learning rate policies.
Figure 10 shows the results. The semi-tune strategy has a
much lower accuracy and classifies all true benign cases as
malignant (0% specificity). This suggests that although there
are only limited CEDM data, using them to bias the pre-
trained DL model as much as possible by tuning all of the
model parameters is necessary to warrant a good perform-
ance in transfer learning.

Furthermore, to demonstrate the utility of transfer learn-
ing, we replace the pre-trained DL parameters with random
initialization and compare this model with D2TL under the
full-tune strategy. The former underperforms D2TL in two
aspects: First, it takes much longer for the model training to
converge. In a total of 200 epochs, the model with random
initialization reaches 90% training accuracy around epoch
130, whereas D2TL reaches the same accuracy around epoch
30. Second, there is clear evidence of overfitting for the
model with random initialization, in the sense that the aver-
age training accuracy for the last 10 epochs is 96.62%, while
validation accuracy drops to 50%. In comparison, D2TL has
99.25% and 74.76% average training and validation accura-
cies for the last 10 epochs. These results show the advantage
of using transfer learning to leverage the pre-trained
Inception V3 model parameters.

4.5. Visualization-enabled interpretation

Using the method in (1) that was proposed in Section 3.4,
we can generate graphical representations for the benign
and malignant classes, as shown in Figs. 11(a) and (b),
respectively. Each sub-graph in (a) and (b) is 256� 256; i.e.,
the same size as the box placed on CEDM for tumor area
location. A clear observation is that the graphical representa-
tion for the malignant class is much blurrier than the benign
class. This provides evidence that D2TL was able to separate
the two classes. Furthermore, the reason why the graphical
representation for the malignant class is blurrier may be that
malignant tumors are more heterogeneous in term of image
phenotype. If considering the graphical representation for
the malignant class as some sort of “average” over all

malignant tumors, the heterogeneity makes the average
focusless, thus creating a blurry effect.

Next, focus on the graphical representation for the benign
class. We can observe some rough oval-shape formations
around the center of each recombined image (highlighted in
red dash circles), while this can hardly be seen on the LE
images. This is consistent with the characteristics of recom-
bined and LE images; recombined images suppresses tissue
texture and make the tumor mass more visible, while LE
images display rich tissue texture details at the expense of
losing a clear sight of the tumor mass.

Furthermore, using the method in (2) that was proposed in
Section 3.4, we can quantify the influence/contribution of each
image pixel on the diagnostic result (benign or malignant) of a
patient. Figure 12(a) shows the CEDM images of a benign
patient. The influence of each image pixel on the diagnostic
result is shown as a color map in (b), where a brighter blue color
signifies higher influence. It can be seen that highly influential
pixels concentrate on the tumor mass and, in particular, on the
recombined-MLO and LE-CC sub-images. Figure 12 shows the
CEDM images and influential graph for a malignant patient.
Similar observations to Fig. 13 can be obtained, and further, the
LE-MLO image also contains some highly influential pixels.
Looking across patient-specific influential graphs, we can get
some interesting observations: There is a patient-to-patient dif-
ference in terms of where the highly influential pixels are on the
images. Within a patient/tumor, there is spatial heterogeneity in
terms of the influences posed by pixels at different locations. If
pixel influence reflects the level of malignancy, an influential
graph, as shown in Figs. 12 and 13, can be used to quantify
intra-tumor malignancy distribution. This will have a significant
value for guiding precision treatment, not only to the level of
each individual patient (inter-tumor), but also to the level of
each location within the tumor of a patient (intra-tumor).

Finally, we acknowledge that all of the observations in
this section are preliminary. There are clear limitations with
the visualization approach we used to help interpret D2TL,
including lack of global optimality for the optimization
problem in (1) used to generate the reconstructed graphs
and rigorous criteria for evaluating the graphs. In fact, how

Figure 9. Test overall accuracy, sensitivity, and specificity with simple pooling
and dual-mode design. Figure 10. Test overall accuracy, sensitivity, and specificity with semi-tune and

full-tune strategies in transfer learning.
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to interpret DL models has been recognized as an important
but challenging problem with only limited success so far.
On the other hand, we would like to use the results in this
section to demonstrate some initial effort to try to provide
some interpretation of DL results, which would further help
promote acceptance and adoption of DL by clinicians.

4.6. Comparison with conventional machine learning

We compare D2TL with the conventional machine learning
framework used in imaging-based diagnostic systems. The lat-
ter needs three steps: tumor segmentation, feature extraction,
and classification. Specifically, each tumor is segmented by a
board-certified breast radiologist who hand-drew the tumor
contour on the recombined image. Then, we use three well-
known texture analysis algorithms—GLCM, LBP, and Gabor

filters—to extract texture features from the segmented tumor.
GLCM and LBP are commonly used, intensity-based texture
analysis algorithms. They extract texture features that charac-
terize the spatial relationship of pixels in small neighborhoods.
Gabor is a frequency-based algorithm that uses a set of Gabor
filters to extract features at different spatial-frequency resolu-
tions. The three texture analysis algorithms all have been
implemented in pre-existing Python packages, scikit-image and
mahotas, which are used in this experiment with a default set-
ting. In addition, we compute four shape features for the seg-
mented tumor contour. These shape features have been widely
used in breast cancer classification: compactness, ratio of min-
imum to maximum radial length, entropy, and bending energy
(Page et al., 2003; Liang et al., 2012). Using all of the texture
and shape features, we build classifiers using three state-of-the-
art classification algorithms: GLM-LASSO, SVM, and random
forest. We use the same training, validation, and test data split

Figure 12. Pixel influences on the diagnostic result of a malignant tumor.

Figure 11. Graphical representation for each class.
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for these classification algorithms as D2TL. The results are
shown in Fig. 14. All three algorithms have worse overall
accuracy than D2TL. The specificity of these algorithms is very
low (60%), which means a high risk of misclassifying benign
tumors as malignant and thus resulting in unnecessary biopsies
and/or overdiagnosis. This worse performance may be due to
propagated errors from segmentation to classification, insuffi-
cient shallow feature representation using only texture and
shapes, or sub-optimality of the framework for tumor segmen-
tation, features extraction, and feature classification in the three
separate steps. All of these limitations are overcome by D2TL,
which leads to its better performance.

Finally, we discuss implications of our results for the current
clinical practice on breast cancer. The Breast Imaging
Reporting and Data System (BI-RADSVR ) is a standardized tool
established by the American College of Radiology to guide radi-
ologists to classify breast imaging findings. Cases classified into
BI-RADSVR Category 4 and 5 are those recommended for biopsy
or surgical consultation. Currently, it is reported that only 25%
of these cases result in a tissue diagnosis of malignant tumor
within one year (Rosenberg et al., 2006). This number is too
low. Our study demonstrated the promise of increasing this
number to 80% by leveraging the proposed D2TL system to

assist with radiologists’ decisions. This would positively impact
the current patient care continuum.

5. Conclusion

In this article, we proposed a DL-empowered breast cancer
diagnostic system using CEDM images, called D2TL. The
D2TL system included four key components: tumor area loca-
tion, a dual-mode deep architecture, model training by transfer
learning, and visualization-enabled interpretation. We applied
D2TL to classify benign and malignant tumors using CEDM
data collected at MCA. D2TL outperformed competing DL
models such as simple pooling and semi-tune transfer learning,
as well as the conventional machine learning approaches. The
contribution of this article is at the application end, rather than
in designing new DL architectures from scratch for CEDM
images and studying theoretical properties. The latter would
not be possible at present due to the small sample size, but
would be a promising future research direction as more CEDM
data are accumulated. Another future direction is to incorpor-
ate patient risk factors, such as age and genotype, in addition to
images to further improve the classification accuracy.
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