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ARTICLE INFO ABSTRACT

Keywords: About one in eight women in the U.S. will develop invasive breast cancer at some point in life. Breast cancer is
TensorFlow the most common cancer found in women and if it is identified at an early stage by the use of mammograms, x-
Artificial neural network ray images of the breast, then the chances of successful treatment can be high. Typically, mammograms are
Convolutional

screened by radiologists who determine whether a biopsy is necessary to ascertain the presence of cancer.
Although historical screening methods have been effective, recent advances in computer vision and web tech-
nologies may be able to improve the accuracy, speed, cost, and accessibility of mammogram screenings. We

Deep learning
Faster R-CNN

DDSM

INbreast propose a total screening solution comprised of three main components: a web service for uploading images and
Mammograms reviewing results, a machine learning algorithm for accepting or rejecting images as valid mammograms, and an
Telemedicine artificial neural network for locating potential malignancies. Once an image is uploaded to our web service, an

SVM image acceptor determines whether or not the image is a mammogram. The image acceptor is primarily a one-
class SVM built on features derived with a variational autoencoder. If an image is accepted as a mammogram, the
malignancy identifier, a ResNet-101 Faster R-CNN, will locate tumors within the mammogram. On test data, the
image acceptor had only 2 misclassifications out of 410 mammograms and 2 misclassifications out of 1,640 non-
mammograms while the malignancy identifier achieved 0.951 AUROC when tested on BI-RADS 1, 5, and 6

images from the INbreast dataset.

1. Introduction

Worldwide, breast cancer is the most common cancer for women
and the second most common cancer even when considering both men
and women. In addition, breast cancer is the leading cause of cancer
death in women across the globe [1]. For women as young as 40,
mammograms, X-ray images of breast tissue, can provide a cost effective
means for breast cancer screening [2]. Typically, mammograms are
screened by radiologists who determine whether or not a biopsy is
needed to classify a tissue abnormality as malignant or benign [3,4].
Machine learning algorithms capable of performing at or above the
level of a radiologist could potentially replace or assist radiologists and
thereby reduce the cost of screenings as well as lead to earlier and more
reliable detection of breast cancer. For the past decade, many different
machine learning algorithms have been proposed using state-of-the-art
techniques to aid in the detection and classification of malignant ab-
normalities [5].

In mammogram analysis as in other areas of research, deep learning
has been emerging as a dominant machine learning technique because
it helps deal with the challenge of feature extraction. Machine learning
techniques such as support vector machines are effective when there is
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a strong feature set, but in problems such as malignancy identification
there is a fundamental challenge in determining the relevant features of
an abnormality. Convolutional neural networks are particularly effec-
tive in extracting features from images and are being leveraged in a
majority of deep learning solutions in mammogram research [5-7]. A
few studies also leverage the faster region-based convolutional neural
network (Faster R-CNN) architecture which is discussed later in this
paper. For example, Ribli et al. achieved state-of-the-art performance
on the INbreast dataset by use of a VGG-16 based Faster R-CNN [8].
[9,10] also present the effectiveness of VGG-based architectures. As an
alternative to using a Faster R-CNN, [9] demonstrated an approach for
adapting a patch classifier into a whole image classifier. This approach
has an advantage in that the whole image classifier can be trained
without annotations for each malignancy region of interest. A summary
of recent approaches in applying deep learning to the problem of
mammogram classification are listed in Table 2. The purpose of our
work is to improve upon past research by proposing a complete, end-to-
end solution for mammogram screenings. A primary component in our
system is a web application which provides a simple and accessible
interface for doctors and other health care professionals. Also critical to
our solution is a machine learning algorithm which identifies whether
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Fig. 1. System overview for the telemedical web application.

or not an image is truly a mammogram. Once an image has been sub-
mitted to the web application, this image acceptance algorithm filters
images before they are passed along for further analysis. This further
analysis is performed by a tumor identification network which locates
all malignancies and feeds these locations to a generated report. A
diagram depicting our total solution is shown in Fig. 1.

The image acceptor algorithm is relatively unique among existing
literature, driven by the demands of a widely accessible web applica-
tion. The authors are unaware of any similar algorithms for mammo-
gram identification at the time of this writing. In contrast and as pre-
viously mentioned, much research has been performed in the area of
malignancy identification. Our tumor identification network attempts
to be an improvement upon related studies which also use a Faster R-
CNN architecture by leveraging a ResNet-101 rather than VGG-based
neural network [8,10]. We chose a ResNet-101 Faster R-CNN because it
has been shown to provide a good trade-off between accuracy and
training time [11]. Our approach is also unique in that the tumor
identifier was trained and validated on mammograms that were en-
hanced with contrast limited adaptive histogram equalization (CLAHE)
as well as color mapped from greyscale to RGB using a sequential color
mapping scheme [12].

2. Telemedical web application

The web application provides an intuitive graphical user interface
by which clients can submit mammograms for analysis, receive gener-
ated reports, and provide feedback about their experience. On the
welcome page of the website, two buttons are presented to the user.
One button allows users to select a local image for analysis while the
other button submits a request for analysis. Fig. 2 shows the welcome
page by which users are able to upload and submit an image for ana-
lysis. Following an image analysis, results are returned to the user as
shown in Fig. 3. The result contains fields with the filename, number of
abnormalities identified, overall probability of malignancy, malignancy
locations, processing time, and date of analysis. Following a submis-
sion, the user is presented with an opportunity to provide feedback
which is then stored in a database. The user interface was developed
using HTML and JavaScript while the server side logic was developed
with Python and the Flask web development framework. Python was a
natural choice for developing the back end since the machine learning
algorithms were also developed with Python.

3. Image acceptor
3.1. Image acceptor background

The image acceptor verifies that each submitted image actually
depicts a mammogram. As an example for why this is important, if a

user were to submit a picture of a cat, the malignancy identifier could
erroneously identify the cat as a malignant abnormality. This is because
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the malignancy identification network has only been trained to perform
accurately when presented with a mammogram. When presented with
an image that is not a mammogram, the malignancy identifier has
unpredictable behavior. Therefore, the image acceptor is necessary so
that the malignancy identification network is never presented with a
non-mammogram. Although identifying a cat as a tumor is not ideal, an
even greater problem could arise if a non-mammogram medical image
was submitted to the network. For example, if an image of a brain MRI
was submitted to the network, an invalid classification could be mis-
interpreted by anyone who does not understand the scope of the ma-
lignancy identifer. Because our web application could be accessible to a
wide audience, potentially anyone with internet access, the image ac-
ceptor is necessary to prevent malicious users from discrediting the
system and to provide assurance that users will only use the system as
intended.

Building an image acceptor is challenging because the variety of
non-mammogram images is virtually limitless. Although we could as-
semble our own dataset of mammograms and non-mammograms and
train a binary classifier to distinguish between the two classes, this
approach might require a large and diverse set of non-mammograms to
avoid overfitting the non-mammogram dataset. In addition, we may
have low confidence that the network will perform well if presented
with a class of images it has never seen before. As an extreme example,
if the non-mammogram class consisted solely of cat images, the clas-
sifier would really be a mammogram versus cat classifier instead of a
mammogram versus non-mammogram classifier. Ideally, we would like
to teach an algorithm to recognize mammograms without the use of any
non-mammogram images. The challenge of building such a network can
be considered a one-class classification problem. Although recent stu-
dies have proposed novel strategies for leveraging deep learning in one-
class problems [13,14], there is much opportunity for advancement in
this segment of classification. The approach suggested in the following
sections is relatively simple but also reasonably effective and very fast
to train and evaluate.

3.2. Image acceptor methodology

The image acceptor algorithm is shown in Fig. 4. The two primary
components of the network are the autoencoder and scorer. The auto-
encoder is the component which learns what a mammogram looks like
whereas the scorer scores how closely a given image fits the model
captured by the autoencoder. That is, the autoencoder has been trained
for encoding and decoding mammograms and in that sense knows what
a mammogram looks like, whereas the scorer doesn't know anything
about mammograms but simply judges the quality of the encoding/
decoding process. Although both of these components could be devel-
oped as neural networks, only the autoencoder was developed as a
neural network for the system proposed in this paper. The autoencoder
is a variational autoencoder and the scorer utilizes a one-class SVM
which classifies each autoencoding as effective or ineffective. Due to
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Fig. 2. Welcome page for the telemedical web application.

the nature of these components, only images from the DDSM were
necessary in training the system and no non-mammogram images were
necessary for training.

In more detail, the image acceptor can be represented in 5 steps:
normalize the mammogram orientation, encode/decode the mammo-
gram, threshold the original and decoded mammograms, calculate the
MSE pixel difference between the original and decoded mammograms,
and pass 1 minus the MSE values to a one-class SVM. The first step,
normalizing mammogram orientation, reduces the burden on the au-
toencoder without affecting overall system performance. To normalize
orientation, each input image is multiplied, pixel-by-pixel, by an image
that is black on the left side and white on the right side and an image
that is white on the left side and black on the right side. Next, the pixel-
by-pixel multiplications are summed for the black-on-left and black-on-
right image cases to produce two results. The input image is flipped if
and only if the black-on-left, white-on-right multiplication produces the
highest result. In the second step, the orientation-normalized image is
first encoded, compressed, and then decoded, uncompressed, by a
variational autoencoder. If the input image is a mammogram, the au-
toencoder will do a decent job encoding/decoding but if the input
image is not a mammogram, the autoencoder will do a very poor job.
More detail regarding the autoencoder will be discussed later in this
paper. In the third step, the original and autoencoded images are
thresholded. Thresholding is an unsupervised clustering technique by
which lighter pixels are saturated to the highest possible value and
darker pixels are floored to 0. The threshold is image dependent and is
calculated as the average of cluster means from a 2-means clustering
algorithm. In the fourth step, the original and autoencoded images are
compared via pixel-by-pixel mean squared error (MSE). This MSE op-
eration is performed for both thresholded and non-thresholded pairs of
images and can be written as 1 - mean((x0 - x1)?) where x0 and x1
represent pixel value arrays of the two images being compared. In the
fifth and final step, one minus each of the two MSE values is passed to a
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one-class SVM which declares the autoencoding to be effective or in-
effective and produces a final label of mammogram or not mammo-
gram.

Out of these five steps, the variational autoencoder is perhaps the
most complex. An autoencoder is a neural network that attempts to
encode or compress an input into a minimal number of values and then
decode or uncompress these values to reproduce the original input. A
variational autoencoder is a type of autoencoder where the input is
compressed into a set of mean and standard deviation values. These
mean and standard deviation values are used to modify samples drawn
from a normal distribution, and these modified samples are fed into the
decoder to reconstruct the original input. For the variational auto-
encoder used in this study, a convolutional neural network layer fol-
lowed by four fully connected layers is used to encode each input image
into two mean and two standard deviation values. Four fully connected
decoder layers are then used to recreate the input image. The encoder
layers are progressively smaller while the decoder layers are progres-
sively larger — exact layer sizes can be seen in Fig. 5 [15-17]. An ad-
ditional benefit to using the variational autoencoder is that it can be
repurposed as a mammogram generator. Generated mammograms
could be useful for training other neural networks or could be used as a
component in virtual patient generation for training medical students.
Generated mammograms could be free from U.S. Health Insurance
Portability and Accountability Act (HIPAA) regulations and sampled at
any time. An example of the variational autoencoder being used as a
mammogram generator is shown in Fig. 7.
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Probability of malignancy 90.8452%
Malignancy 1 location [0.54, 0.65, 0.71, 0.92]
Malignancy 2 location [0.51, 0.61, 0.73, 0.95]
Processing time (seconds) 21.7867
Date 6/20/2018
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Fig. 3. Results page for the telemedical web application.

i Scorer |
| 1
! 1
! i
1
; 1
! i
! i
! 1- mean((x, - x ) H
Normalize Orientation ! [ ] :
' = L] 1
: . [f :
| : EB)o- (o
1
i LA TE I
X ' '
N - mean((x, - xf) '
i
. Create features Classify image
.:‘ Encode/decode image

Fig. 4. Image acceptor architecture.

21



T. Cogan, et al.

Computers in Biology and Medicine 107 (2019) 18-29

/@

g, ~N(0,1)

g, ~N(0,1)

2

-1

64x80 32x62x78 1x1024 1x256 1x128 1x64

1x64 1x128 1x256 1x1024

64x80

Fig. 5. Architecture of the image acceptor variational autoencoder.

Algorithm 1: Image Acceptor (Mammogram Classifier)

Input: Any jpg, png, dcm, or tiff image
1 If image is color, convert to greyscale
2 Resize image to 64x80
3 Normalize image orientation
4 Feed image through variational autoencoder
5 Threshold original and autoencoded images
6 for paiT in [pairth'resholdedvpairnon—thresholded] do
7 | Calculate 1 — mean((zo — x1)?)

8 Feed 1 — mean((zg — 21)?) values to one-class SVM

3.3. Image acceptor results

A scatter plot with points corresponding to various image classes is
shown in Fig. 6 where features 0 and 1 correspond to the mean squared
pixel errors calculated according to Fig. 4. Five different classes of
images were tested against the identification system where each class
contained 410 images. The five classes were mammogram (taken from
the INbreast dataset), gastrointestinal (Z-line images taken from the
Kvasir dataset) [18], chest x-ray [19], brain MRI [20], and mis-
cellaneous (random images taken from the COCO 2014 validation da-
taset) [21]. As can be seen in Fig. 6, the one-class SVM is able to dis-
tinguish most mammograms from non-mammograms. Only 2 out of 410
test mammograms and 23 out of 2,812 train mammograms were mis-
classified while only 2 out of 1,640 non-mammograms were mis-
classified. These results are also summarized as a confusion matrix in
Table 1. The system presented here is efficient and effective, and there
is also likely room for improvement. As stated before, the significance
of this network is that it is trained solely on positive examples of
mammograms. No examples of non-mammograms were used in the
training of the system. Training and evaluation required 7 minutes
12 seconds and 4 minutes 7 seconds, respectively, on an Intel i7 pro-
Ccessor.
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3.4. Image acceptor discussion

As mentioned previously, a couple of recent studies by Chalapathy
and Perera have approached the issue of one-class classification with
state-of-the-art deep learning techniques [13]. Although the techniques
and ideas from typical one-class classification problems provide good
reference, the challenge of identifying mammograms is unique. For
example, Perera built a model to identify abnormal chairs amid images
of normal chairs. In Perera's study, the challenge comes from the fact
that examples of abnormal chairs, the positive class, are small to non-
existant and very diverse. A 2014 study by Ganesan et al. [22] actually
investigates one-class classification for mammograms, but the proposed
system is designed for benign versus malignant mammogram differ-
entiation. As in Perera's study [14], a lack of training data is the pri-
mary challenge addressed. In the case of identifying mammograms,
examples of the positive class, mammograms, are plentiful but ex-
amples of the negative class, every other type of image in the world, are
too numerous and diverse to easily handle. Therefore, we believe the
work we've done with mammogram identification, image acceptance, is
a strong contribution to existing classification literature.

4. Tumor identifier
4.1. Tumor identifier methodology

The Digital Database for Screening Mammography (DDSM) and the
INbreast database were used for training and validation, respectively.
The INbreast database was very easy to work with; however, the DDSM
contains many more images [23,24]. Training was performed solely on
the DDSM while validation was performed on the INbreast dataset.
Mammograms containing completely normal tissue or malignant ab-
normalities were used from these two data sets. All of the images used
for either training or validation were mapped from greyscale to RGB
space via a sequential color mapping scheme. The first reason for this
mapping is that color mapping can enhance the visual dynamic range of
an image. By utilizing the entire RGB space, images can convey greater
visual information about relative intensities than can be done using



T. Cogan, et al.

Computers in Biology and Medicine 107 (2019) 18-29

Mammogram Identification

1.0
— Decision Boundary
o Mammogram Train
® Mammogram Validation
094 @ BrainMRI
© Chest X-Ray
@ Gastrointestinal
e COCO
0.8 1
0.7 4
=
=
% °
(]
£ & °
& 0.6 A o ©
)
[
0.5 4 ®
0.4 1
0.3 1
0.75 0.80 0.85 0.90 0.95 1.00

Feature 0

Fig. 6. Separation between 5 different image classes for the image acceptor.

greyscale. Because the neural network used in this paper was pre-
trained on RGB images taken from the COCO dataset, we conjectured
that the network would receive a similar benefit from color mapping
that humans receive from color mapping. The second reason for this
mapping is due to the fact that the mammograms were converted to 24-
bit RGB JPEG images for input into the network. Mammograms may be
up to 12-bit or 16-bit greyscale, and mapping from 16-bit greyscale to
greyscale in 24-bit RGB space requires truncation of bits. That is, 24-bit
RGB space can only represent 8-bit greyscale. By color mapping
mammograms, relative pixel intensities can be represented by more
than 8-bits in 24-bit RGB space. Therefore, more information regarding
relative pixel values is maintained through color mapping. Although
there are many different color map choices, a sequential color mapping
scheme is used because it causes pixel lightness to increase with pixel

15x15

(-1.6-16) | (-16-1.2) (-1.6,1.6)
(1.2/16) | (12-12) (-1.2,1.6)
(1.6,-1.6) (1.6-1.2) (1.6,1.6)

value and is thereby visually intuitive. For example, low pixel values
will map to a dark red while high pixel values will map to a light yellow
[12]. Examples of color mapped mammograms can be seen in the re-
sults section of this paper.

In addition to colormapping, contrast limited adaptive histogram
equalization (CLAHE) is used to improve mammogram quality by en-
hancing image contrast. CLAHE enhances image contrast by equalizing
pixel value distributions. In other words, CLAHE will make dark pixels
darker and light pixels lighter such that the dynamic pixel range is more
fully leveraged. In the case of mammograms, CLAHE is able to enhance
the visibility of edges and features critical for identifying tumors.
Oftentimes, breast tissue pixels are clustered and potentially saturated
in the highest range of possible pixel values. By equalizing the range of
these tissue pixels, pertinent tissue features become easier to identify.

15x15

P B e S B B B B S B B B |

Fig. 7. Here the variational autoencoder decoder is decoupled and used as a stand-alone mammogram generator.
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Table 1

Confusion matrix for the image acceptor.
Confusion Matrix Mammogram Brain MRI Chest X-Ray Gastrointestinal COoCo
Mammogram 408 0 0 2 0
Non-Mammogram 2 410 410 408 410

Although neural networks have a theoretical capacity to learn CLAHE-
type processing, performing CLAHE during preprocessing reduces the
processing burden of the neural network. The performance of CLAHE
can be seen in Fig. 10 [25].

4.1.1. Digital database for Screening Mammography

The DDSM is a relatively large mammogram database, containing
10,412 mammograms [26]. 1,565 DDSM images depicting normal
mammograms and 1,247 DDSM images depicting malignant mammo-
grams, a total of 2,812 mammograms, were taken from the cancer
volumes for training. Creating training data from the DDSM presented a
couple of challenges. First, DDSM images are compressed in a format
called lossless JPEG (LJPEG) and must be decompressed prior to being
usable. Second, the DDSM does not directly provide bounding box co-
ordinates for each abnormality. The coordinates of each abnormality
bounding box must be approximated by a chain code which describes
an outline around each abnormality [24].

For decompressing LJPEG images, the DDSM website provides the
source code for a tool which converts LJPEG images to JPEG images.
However, the source code was originally written for Unix (SunOS) and
does not naturally compile on Linux (Ubuntu). Source code modifica-
tions were made as required such that the tool could compile and op-
erate on Ubuntu Linux. Ultimately, the LJPEG conversion tool was not
used directly, but a Python wrapper script by Wei Dong was leveraged
to control the tool [24,27].

For addressing the second challenge, a short algorithm was written
to convert the chain code to an approximate set of (x, y) coordinates for
each abnormality bounding box. The chain code associated with each
abnormality image provides starting (%, y) coordinates followed by a
list of vectors which trace the outline of the abnormality. Each vector
can only take on values of [0; —1], [1; —11, [1; 01, [1; 11, [0; 11, [—1;
11, [—1; 0], or [—1; —1] and provides a displacement relative to the
end point of the previous vector [24]. As a first step to approximating
the bounding box of each abnormality, all of the vectors were translated
to be relative to the trace origin rather than the end point of the pre-
vious vector. That is, if the first and second trace vectors were [0; 1]
and [1; 1] respectively, the first vector would remain as [0; 1] but the
second vector would become [1; 2], the sum of the two vectors. Fol-
lowing this procedure for every vector in the chain code produced a
new array of total displacement vectors. Examining each total dis-
placement vector in this new array and extracting the minimum x-
displacement value produced a value for the starting x-coordinate of the
abnormality bounding box. The starting x-coordinate value was of

Table 2
Applications of deep learning in mammogram malignancy identification.

course relative to the starting point of the chain code. Starting y-co-
ordinate, ending x-coordinate, and ending y-coordinate values for each
bounding box were found in a similar manner. These coordinates were
scaled appropriately when the DDSM images were scaled down to a
max dimension of 1,024 pixels in order to reduce the computational
burden during training.

4.1.2. INbreast database

The INbreast database contains a total of 410 images of which only
124 images were used for validation. Images from the INbreast dataset
have BI-RADS scores from 1 to 6 and only images with scores of 1, 5,
and 6 were used. A BI-RADS score of 1 indicates a negative screening
while scores of 5 and 6 indicate a high or certain probability that an
identified abnormality is malignant. Images with scores of 2-4 were not
used because they contain benign abnormalities or abnormalities of
uncertain classification. For the INbreast images without a biopsy in
place, our system could identify a malignant tumor but we have no way
of knowing if the tumor is actually malignant or just benign. A biopsy is
the only way to confidently identify breast cancer [23,28,29].

4.1.3. Dataset augmentation

Dataset augmentation effectively increased the number of training
images by applying image transformations that did not change the
classifications of the images. In the case of the mammogram dataset,
each mammogram can be rotated 90° without changing the classifica-
tion. Seven new training images can be generated from each original
training image using the following transforms: 90° rotation, 180° ro-
tation, 270° rotation, image mirror, image mirror followed by 90° ro-
tation, image mirror followed by 180° rotation, and image mirror fol-
lowed by 270° rotation. The dataset can be further augmented by
shrinking or growing each image by 10%. Like rotation, minor image
shrinking and growing will not change the image classification and will
increase the number of training images to help prevent the neural
network from simply memorizing the dataset. In other words, by in-
creasing the number of training images, dataset augmentation can ef-
fectively reduce overfitting and increase overall validation accuracy for
the model [30]. Random horizontal flips, vertical flips, rotations,
scaling, and bounding box jittering all served as augmentation techni-
ques for the DDSM images during training. After applying all possible
rotation and flipping augmentation techniques, the training set is ef-
fectively 22,496 images. However, because the scaling and jitter op-
erations can take on a range of possible values, it's difficult to quantify
the total number of training images post-augmentation. Examples of

Author Year Data Source Technique Portion Analyzed Result (AUROC)
This study 2018 INbreast ResNet Faster R-CNN Entire Image 0.951
Ribli et al. [8] 2017 INbreast/Dream VGG Faster R-CNN Entire Image 0.95/0.85
Akselrod-Ballin et al. [10] 2017 Private VGG Faster R-CNN Entire Image 0.72

Kooi et al. [34] 2017 Private RF/CNN Entire Image 0.941
Lotter et al. [35] 2017 DDSM Multi-Scale CNN Entire Image 0.92
Geras et al. [7] 2017 Private Multi-View CNN Entire Image 0.765
Shen [9] 2017 CBIS-DDSM/INbreast 3-Model Average Entire Image 0.91/0.96
Dhungel et al. [36] 2017 INbreast Multi-View ResNet Entire Image 0.80
Jadoon et al. [5] 2017 IRMA CNN-CT Image Patch 0.855
Jiang et al. [37] 2017 BCDR-F03 Pre-trained GoogLeNet Image Patch 0.88
Arevalo et al. [6] 2016 BCDR-F03 CNN Image Patch 0.826
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Fig. 8. Dataset augmentation techniques are shown in the figure above. These techniques were used to reduce overfitting during training of the tumor identifier.
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Fig. 9. Depicted is the architecture of the tumor identification network. This network architecture is popularly referred to as Faster R-CNN. The convolutional layers
for feature extraction are based on ResNet-101.

Color
Mapping

Fig. 10. Image preprocessing steps are shown in the image above. The image on the left is a mammogram before any preprocessing, the image in the middle is a
mammogram after CLAHE, and the image on the right is a mammogram after CLAHE and color mapping. CLAHE and color mapping both enhance image details.
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our dataset augmentation techniques can be found in Fig. 8.

4.1.4. ResNet-101 Faster R-CNN

The neural network architecture is commonly known as a ResNet-
101 faster region-based convolutional neural network (Faster R-CNN).
The term ResNet is an abbreviation for residual network. Residual
networks are neural networks which are designed based on the highly
successful residual learning framework published by Microsoft
Research in 2016. The main idea behind residual nets is that it is much
easier and more effective to learn adjustments from an identity function
than to learn a completely new function from scratch. In a typical
neural network, each set of layers attempts to learn some function f(x).
However, in a residual network, a set of layers known as a residual
block is structured to learn the best f(x) + x. Therefore, residual blocks
can easily learn functions similar to the identity function because it is
presumably easy to learn f(x) — 0 compared to f(x) — x [31]. Faster R-
CNN, on the other hand, is an architecture proposed by Shaoqing Ren
et al. [32] for quickly and accurately identifying objects of interest
within a larger image. R-CNN architectures have a region proposal
network (RPN) and a convolutional neural network (CNN) classifier.
The RPN proposes regions of interest which the CNN then analyzes and
labels. The innovation introduced by the Faster R-CNN architecture is
that the RPN and final CNN layers can operate off of the same features
which are extracted by the beginning layers of the CNN. In other words,
Faster R-CNN combines both the RPN and CNN classifier into a single
network instead of maintaining them as separate entities. Faster R-CNN
has been shown to be more accurate and faster than previous R-CNN
architectures [32]. Going back to the network used for this paper, the
name ResNet-101 Faster R-CNN denotes that the network follows a
Faster R-CNN architecture based on ResNet-101 layers. Although an
Inception-ResNet-v2 Faster R-CNN architecture has been shown to
produce higher accuracy than the ResNet-101 Faster R-CNN archi-
tecture, the ResNet-101 based architecture provides a very compelling
balance between accuracy and required training time [11]. An over-
view of the architecture can be seen in Fig. 9. Google's TensorFlow
Object Detection API was used for implementing the network for this
paper [33].

4.2. Tumor identifier results

The neural network was trained using Google Cloud Platform
computational resources and the performance of the neural network
was evaluated on the INbreast dataset, achieving an area under curve
(AUCQ) for receiver operating characteristic (ROC) curve of 0.951. A
95% confidence interval of 0.911-0.981 AUC was obtained by aver-
aging the 95% confidence interval from 50 sets of 2,000 bootstrap
samples. The ROC curve can be see in Fig. 11. Training required ap-
proximately 24 hours on an NVIDIA Tesla K80 while evaluation was
performed on an Intel i7 processor and required 1 hour and 26 minutes.
If multiple abnormalities were identified in an image, the highest es-
timated probability of malignancy across all abnormalities was used to
represent the overall probability that the mammogram depicted a case
of breast cancer. Fig. 12 depicts images that have been classified by the
network proposed in this paper. The bounding box coordinates were
output from the network and depict locations of abnormalities. A dis-
advantage of bounding boxes is that they visually depict the presence or
absence of abnormalities in a binary fashion. That is, a bounding box is
either present or absent — there is no visually inbetween state.
Therefore, an alternative representation for visualizing the presence of
abnormalities has been created in the form of a probability heatmap.
The bottom 3 images in Fig. 13 contain probability heatmaps for ab-
normality localization. Each heatmap was created by collecting the 100
highest scoring bounding boxes, converting each bounding box to an
ellipse of equivalent width and height, setting the pixel values of each
ellipse equal to the score of the associated bounding box, and then
summing together all 100 ellipses on a blank image with dimensions
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equal to the associated mammogram image. The generated heatmaps
were then overlaid on associated greyscale mammogram images by
setting the alpha channel of the heatmap to 32%. As can be seen in the
lower right mammogram in Fig. 13, there is a slightly highlighted re-
gion which is not suspicious enough to generate a bounding box but
could be of interest to a professional who is inspecting the mammogram
for abnormalities.

4.3. Tumor identifier discussion

The AUC values presented by this paper are comparable to other
AUC values listed in Table 2 of this report. It is difficult to directly
compare results with some of the other papers because there is no
standard dataset for training and evaluating mammogram classifiers.
Also, several researchers have used datasets which are not publicly
available. In addition to differences in dataset selection, the specific
classification objective is not the same across all papers. While some
researchers have tackled the problem of full mammogram image clas-
sification, other researchers have only attempted to classify smaller
images of lesions as benign or malignant.

Although many studies are difficult to compare with, there are
several worth discussing. One particularly notable system which was
presented by Ribli et al. achieved an AUC of 0.95 on the publically
available INbreast dataset. A caveat to this result, however, is that it
was achieved with an ensemble of two networks. That is, two separate
neural networks were independently trained and the score assigned to
each image was the average of the scores output by the two networks.
Although ensembling neural networks is an effective way to increase
overall system accuracy, it can be computationally expensive and pre-
vent direct comparison of results [8]. In comparison, this study used
only a single network and likely could have performed even better if
ensembling was leveraged. Shen [9] also used an ensemble of three
neural networks to achieve an AUC of 0.91 on the CBIS-DDSM, but for
comparison reports a 0.88 AUC for analysis by a single model. Unlike
the original DDSM, the CBIS-DDSM used by Shen has 254 images re-
moved from the dataset where a mass is not clearly visible. Shen
achieved a 0.96 AUC on the INbreast dataset and included all images
except those with BI-RADS readings of 3. However, Shen used a portion
of the INbreast dataset for training prior to validation on the remaining
images [9]. For the network proposed in this paper, no training was
performed on the INbreast dataset prior to validation. Also, this study
used the original DDSM rather than the CBIS-DDSM because of acces-
sibility. Lastly, Lotter et al. [35] only evaluated performance on the
DDSM, but achieved a substantial AUC of 0.92. Lotter et al. performed
considerable dataset augmentation, producing up to 900K image pat-
ches for one particular stage of training [35]. Although we did not
perform this level of augmentation, dataset augmentation among other
strategies could improve the results described in this paper.

In future work, accuracy of the malignancy identification neural
network or image acceptance neural network could be improved via
hyperparameter optimization. Hyperparameters refer to different as-
pects of the neural network such as learning rate, network structure,
gradient descent technique, or dropout rate which are established prior
to actual training. Almost no optimization was attempted in any of
these four hyperparameters. Therefore, optimizing these and other
hyperparameters could offer substantial improvements to the model's
accuracy [38].

As mentioned previously, another strategy for optimization is da-
taset augmentation. Although the dataset was augmented via random
horizontal flips, vertical flips, rotation, scaling, and bounding box jitter,
additional techniques such as artificial image generation, random
contrast or saturation changes could also be used to augment the
training data [26]. Similar to dataset augmentation, validation aug-
mentation can also increase validation accuracy. In one form of vali-
dation augmentation, an image and the mirror of the image are both
evaluated by the model. The average of the two evaluation scores is
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Fig. 11. The solid green line shows the ROC curve (sensitivity versus 1 - specificity) obtained for the INbreast dataset (0.951 AUC) and the dashed grey lines show the

approximated 95% confidence interval.

then reported as the overall evaluation score. However, the image to be
evaluated may be augmented by any of the augmentation methods
described for dataset augmentation [8].

Aside from dataset augmentation, adjustments in scaling could in-
crease accuracy in another way. The images used for training were
DDSM images that had been downscaled to a max dimension of 1,024
pixels. Although this downscaling was intended to reduce the compu-
tational burden of training, the downscaling may have removed sig-
nificant details and ultimately harmed the development of the classifier.
In future research, full size images with only augmentation related
scaling could be used to train a more robust network.

In addition to removing downscaling from the training images, the
training dataset could be improved by removing questionable images.
There is a publically available subset of the DDSM known as the
Curated Breast Imaging Subset of DDSM (CBIS-DDSM). According to the

dataset's summary, the original DDSM contains 254 images where a
mass is not clearly visible. These 254 questionable images have not
been included in the CBIS-DDSM. Removing these images from the
DDSM dataset or performing training with the CBIS-DDSM could im-
prove both training and validation accuracy [39].

Lastly, validation accuracy could be improved in future models via
highly relevant transfer learning. Transfer learning is where a model or
parts of a model trained for a specific task are reused for a new task.
Transfer learning is very popular in image recognition applications
because many low-level recognition objectives (i.e. edge, corner, or line
recognition) are universal across many if not all image recognition
tasks. Therefore, the layers of a deep convolutional model that have
been trained on millions of images to recognize basic image features
could be reused for the task of mammogram classification. Although the
neural network used in this paper was pre-trained using the COCO

Fig. 12. Examples of tumors identified by the algorithm are shown in the images above. Green bounding boxes identify the location of tumors where stacked boxes

represent uncertainty in the tumor size.
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Fig. 13. In the top left and middle images, abnormalities have been identified as indicated by the green bounding boxes. In the top right image, no abnormality has
been identified. In the bottom images, a heatmap is used to depict the probability that an abnormality is present.

dataset, pre-training with a dataset of assorted medical x-rays would
perhaps be more effective and meaningful. Although low level image
features such as edges are universally relevant across image recognition
tasks, higher level image features may be less universally relevant.
Simply training with a large database of labeled mammograms would
be the most ideal. With all of these strategies in mind, the existing
system could be made even better [38].

5. Conclusion

We believe we have presented a novel and comprehensive solution
to early breast cancer detection which is both fast and accessible. The
telemedical service provides both doctors and patients easy access to
state-of-the-art malignancy identification software. In addition, the
image acceptor addresses invalid user input, an issue that is common
across all openly accessible web services. We believe the work pre-
sented here will be impactful not only for mammogram analysis but
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also for all kinds of medical image processing.

The image acceptor achieved very respectable results, misclassifying
only 2 out of 1,640 non-mammograms and 2 out of 410 mammograms
from the validation dataset. Since this system has only been trained on
mammograms, we have high confidence that it will be robust to any
class of non-mammogram image.

The tumor identifier also performed well, similar to other state-of-
the-art tumor classifiers. Although validation of this classifier was
performed on a relatively small dataset, bootstrapping 100,000 samples
provided a 95% confidence interval of 0.911-0.981 AUROC. In addi-
tion, as alike deep network architectures have been widely leveraged in
general image recognition and even breast tumor identification, we are
confident that our classifier provides a robust solution.
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