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Why did it predictive
happen? Analytics

Diagnostic
What Analytics

happened ?

7}X| (value)

Descriptive
Analytics

0| &= (difficult)

=X : Gartner
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Machine Learning in Health Care
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Deep Learning at Chest Radiography: Automated

o " = » —r _I L E o A
Classmcz?tlon of Pulmonary Tuberculosis by Using %ZI é)l-_gl oI-O-” A—I Ol_l —6—X| = E :I'I'E Tl OH
Convolutional Neural Networks

Paras Lakhani &=, Baskaran Sundaram B i g d ata EE-I 9_

v Author Affiliations

ol F=3%
Published Online: Aor 24 2017 | Data _'| :I:I- _ll—_ |-
o|gct 8% 28 435 Ad 72

are

ADSTract

Purpose

To evaluate the efficacy of deep convolutional neural networks (DCNMNs) for detecting tuberculosis (TB) on

chest radiographs. . H_:" 7:| 7~
Materials and Methods

Four deidentified HIPAA-compliant datasets were used in this study that were exempted from review by the = =1

institutional review board, which consisted of 1007 posteroanterior chest radiographs. The datasets were split —n E|_ OO XKXX O O:I == I=.S Iy XI EI-
into training (68.0%), validation (17.1%), and test (14.9%). Two different DCNNs, AlexNet and GoogleNet, —— OO 10O, 2 Lo, 2 2 1— L=
were used to classify the images as having manifestations of pulmonary TB or as healthy. Both untrained and

pretrained networks on ImageMet were used, and augmentation with multiple preprocessing technigues. iﬂ }ﬂil]. %i] 7%”‘

Ensembles were performed on the best-performing algorithms. For cases where the classifiers were in

disagreement, an independent board-certified cardiothoracic radiclogist blindly interpreted the images to . il _7E (@) I: X| I:IH _ITLI. ; I ﬁ I:ﬁ 7 I- X| _ITEI 7 |.

evaluate a potential radiologist-augmented workflow. Receiver operating characteristic curves and areas under . o O, / —_L O, L = O

the curve (AUCs) were used to assess model performance by using the DeLong method for statistical
comparison of receiver operating characteristic curves.
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Deep Learning in Mammography: Diagnostic Accuracy of a
Multipurpose Image Analysis Software in the Detection of Breast
Cancer

Becker, Anton S. MD; Marcon, Magda MD; Ghafoor, Soleen MD; Wurnig, Moritz C. MD, MSc, Frauenfelder, Thomas
MD; Boss, Andreas MD, PhD

Investigative Radiclogy: July 2017 - Volume 52 - Issue 7 - p 434440
doi: 10.1097/RLI.0000000000000358
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Objectives The aim of this study was to evaluate the diagnostic accuracy of a multipurpose image analysis

software based on deep leaming with artificial neural networks for the detection of breast cancer in an
independent, dual-center mammography data set.

Materials and Methods In this refrospective, Health Insurance Portability and Accountability Act-compliant
study, all patients undergoing mammography in 2012 at our institution were reviewed (n = 3228). All of their
prior and follow-up mammographies from a time span of 7 years (2008-2015) were considered as a reference
for clinical diagnosis. After applying exclusion criteria (missing reference standard, prior procedures or
therapies), patients with the first diagnosis of a malignoma or borderline lesion were selected (n = 143).
Histology or clinical long-term follow-up served as reference standard. In a first step, a breast density-and age-
matched control cohort was selected (n = 143) from the remaining patients with more than 2 years follow-up (n
=1003). The neural network was trained with this data set. From the publicly available Breast Cancer Digital
Repository data set, patients with cancer and a matched control cohort were selected (n = 35 x 2). The
performance of the frained neural network was also tested with this external data set. Three radiologists (3, 5,
and 10 years of experience) evaluated the test data set. In a second step, the neural network was trained with
all cases from January to September and tested with cases from October to December 2012 (screening-like
cohort). The radiologists also evaluated this second test data set. The areas under the receiver operating
characteristic curve between readers and the neural network were compared. A Bonferroni-corrected P value
of less than 0.016 was considered statistically significant.

Results Mean age of patients with lesion was 59.6 years (range, 35-88 years) and in controls, 59.1 years (35
—83 years). Breast density distribution (A/B/C/D) was 21/59/42/21 and 22/60/41/20, respectively. Histologic
diagnoses were invasive ductal carcinoma in 90, ductal in situ carcinoma in 13, invasive lobular carcinoma in
13, mucinous carcinoma in 3, and borderline lesion in 12 patients. In the first step, the area under the receiver
operating characteristic curve of the trained neural network was 0.81 and comparable on the test cases 0.79
(P = 0.63). One of the radiologists showed almost equal performance (0.83, P = 0.17), whereas 2 were
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Automatic Liver Segmentation from CT Images Using
Single-Block Linear Detection
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Abstract

Automatic liver segmentation not only plays an important role in the analysis of liver disease, but also reduces
the cost and humanity’s impact in segmentation. In addition, liver segmentation is a very challenging task due
to countless anatomical variations and technical difficulties. Many methods have been designed to overcome
these challenges, but these methods still need to be improved to obtain the desired segmentation precision. In
this paper, a fast algorithm is proposed for liver extraction from CT images with single-block linear detection.
The proposed method does not require iteration; thus, the computational time and complexity are decreased
enormously. In addition, the initialization is not crucial in the algorithm, so the algorithm’s robustness and
specificity are improved. The experimental evaluation of the proposed method revealed effective segmentation
in normal and abnormal (liver hemangioma and liver cancer) abdominal CT images. The average sensitivity,
accuracy, and specificity for liver cancer are 96.59%, 98.65%, and 99.03%, respectively. The results of image
segmentation approximate the manual segmentation results by the technical doctor. Moreover, our method
shows superior flexibility to newly published method with comparable performance. The advantage of our
method is verified with experimental results, which is described in detail.
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Deep MR to CT Synthesis Using Unpaired Data
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MR-only radiotherapy treatment planning requires aceurate MR-to-CT synthesis. Current deep o
learning methods for MR-to-CT synthesis depend on pairwise aligned MR and CT training images FC
of the same patient. However, misalignment between paired images could lead to errors in E
synthesized CT images. To overcome this, we propose to train a generative adversarial network >
(GAN) with unpaired MR and CT images. A GAN consisting of two synthesis convolutional neural ¢!
<

networks (CNNs) and two diseriminator CNNs was trained with cycle consisteney to transform

2D brain MR image slices into 2D brain CT image slices and vice versa. Brain MR and CT images
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Purpose: To improve the quality of images obtained via dy-
namic contrast-enhanced MRI (DCE-MRI) that include mo-
tion artifacts and blurring using a deep learning approach.

Methods: A multi-channel comvolutional neural network
(MARC) based method is proposed for reducing the mo-
tion artifacts and blurring caused by respiratory motion
in images obtained via DCE-MRI of the liver. The training
datasets for the neural network included images with and
without respiration-induced motion artifacts or blurring,
and the distortions were generated by simulating the phase
error in k-space. Patient studies were conducted using a
multi-phase T1-weighted spoiled gradient echo sequence
for the liver containing breath-hold failures during data ac-
quisition. The trained network was applied to the acquired
images to analyze the filtering performance, and the inten-
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Abstract

The rapidly-rising field of machine leaming, including deep leaming, has inspired applications across many

disciplines. In medical imaging, deep learning has been primarily used for image processing and analysis. In Abstract
this paper, we integrate a convolutional neural network (CNN) into the computed tomography (CT) image

In order to reduce the potential radiation risk, low-dose CT has attracted an increasing
reconstruction process. Our first fask is to monitor the quaht}r of CTi |mages dunng iterative reconstruction and

decide when to st v attention. However, simply lowering the radiation dose will significantly degrade the image

ia dee
stopping rule, suc I:I |:| O A Ll‘ Ol | X (Tvia deep
images, the CNN E-I (Deep Learnln ) 7| I- I CT '—I AICE 3l network is here

e OI % :_#'—Hoﬂ NN ?JS == '-'(Deep Learning) 7|2t2| CT G4k 1i i
s T8 AZEIRI AICE(Advanced Intelligence Clear IQ Engine)& XE18{af ™
remaininthe recg L %:Ug'% —_|-|-'|"_=| Ol-EA‘IE X‘M_'laol:gl Q%’ Ol 7|‘3 and SSIM than

deep leaming in t
indicate that deep learning can be a viable tool to address CT reconstruction challenges.

fhe compefing stafe-of-art methods. Furthermore, the speed of our mefhod s one order of

_ _ _ ) ) magnitude faster than the iterative reconstruction and patch-based image denoising methods.
® (2017) COPYRIGHT Society of Photo-Optical Instrumentafion Engineers (SPIE). Downloading of the

abstract is permitted for personal use only. @ 2017 Optical Society of America
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