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Abstract—The health care industry is expected to be an early
adopter of AI and deep learning to improve patient outcomes,
reduce costs, and speed up diagnosis. We have developed models
for using AI to diagnose pneumonia, emphysema, and other
thoracic pathologies from chest x-rays. Using the Stanford
University CheXNet model as inspiration, we explore ways of
developing accurate models for this problem with fast parallel
training on Zenith, the Intel Xeon-based supercomputer at Dell
EMC’s HPC and AI Innovation Lab. We explore various network
topologies to gain insight into what types of neural networks
scale well in parallel and improve training time from days to
hours. We then explore transferring this learned knowledge to
other radiology subdomains, such as mammography, and whether
this leads to better models than developing subdomain models
independently.

Index Terms—Deep Learning, Medical Imaging, Radiology,
Distributed Training, Benchmarking, Best Practices

I. INTRODUCTION

The healthcare industry is expected to be an early adopter
of deep learning techniques for aiding physicians in detecting
a wide range of diseases and conditions. High-quality models
that can be quickly trained (or retrained) will be critically
important to the healthcare industry.

We looked at ways to develop high-quality neural-network
based models for identifying pneumonia, emphysema, and a
host of other thoracic pathologies. Our goal was to develop
high-accuracy models which could be trained in parallel on
large HPC clusters.

II. BACKGROUND

Artificial neural networks have been an area of research
since the 1950s [1], but modern interest and the explosion
of investment and research in deep learning can be thought
to begin with the development of AlexNet [2], which not
only achieved state of the art classification performance (for
the time) on the ImageNet [3] data set, but introduced into
the mainstream both the use of the computationally-simplified
Rectified Linear Unit (ReLU) [4] as well as the use of graphics
processing units (GPUs) for accelerated linear algebra trans-
formations for training the network by backpropagation [5].

While incredible progress has been made in image clas-
sification (see [2], [6], [7], among others) and object detec-
tion [8]–[10], deep learning has been making headway in

Fig. 1: Label distribution in ChestXray14 Data Set

many other intractable problems including voice translation
and synthesis [11], [12], natural language processing [13]–
[15], sentiment analysis [16]–[18], game play [19]–[21], and
autonomous driving/control [22]–[25].

III. DATA SETS

The first model we look at is the CheXNet model [26]
from Stanford University. CheXNet provides state-of-the-art
machine detection of pneumonia, outperforming a panel of
radiologists [26]. We use the same National Institutes of Health
(NIH) ChestX-ray data set [27], which consists of 112,120
images labeled with 14 different thoracic diseases (plus “No
Findings”), including pneumonia (see Figure 1). All images
are labelled with either single or multiple pathologies, making
this a multi-label classification problem. Images in the ChestX-
ray data set are 3 channel (RGB) with dimensions 1024 x
1024.

We then take the CheXNet model and train it on the CBIS-
DDSM dataset. Curated Breast Imaging Subset of DDSM is an
updated and standardized version of the Digital Database for
Screening Mammography (DDSM). The DDSM is a database
of 2,620 scanned film mammography studies. It contains
normal, benign, and malignant cases with verified pathology
information. We train the model to detect if a given scan
contains a tumour (malignant or benign). The idea here is
to see if features learned by the model on a set of Chest
X-ray scans are helpful in training a model to detect breast
cancer tumours. This could be helpful for cases were available
training data is scarce.
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(a) Thoracic diseases from
ChestXray14

(b) Marked Tumor
in CBIS-DDSM

Fig. 2: Samples from the two radiology data sets

(a) Throughput (b) Model Accuracy

Fig. 3: Comparing DenseNet, VGG, and ResNet Tests

IV. LARGE BATCHES AND MULTI-NODE PARALLELISM

Zenith is the flagship Intel Xeon and Intel Xeon Phi
evaluation cluster at Dell EMC’s HPC & AI Innovation Lab.
Zenith consists of more than 250 Dell EMC PowerEdge 6420
nodes, each with 2 Intel Xeon Scalable Gold 6148 processors.
Nodes are interconnected with Intel OPA100 fabric.

We parallelized neural network training using Horovod
(0.12.0) with Intel MPI (2018u2), running TensorFlow 1.6 with
MKL-DNN in Anaconda Python 2.7 (5.0.2).

Being able to quickly reiterate through a data set allows
for greater optimization and higher accuracy models. By
optimizing the topology and increasing the training through-
put, accuracy was increased in 10 of 14 (71%) of thoracic
pathologies, with several categories achieving or approaching
90% accuracy.

Even though more epochs were required to train these more
accurate models, the total time to train was lower, improving
from 2 days for the single process version to less than 15
minutes for the highly parallelized version running on 200
Zenith nodes.

V. NETWORKING AND STORAGE

For models of this scale ( 10M parameters) a high-
bandwidth, low-latency network is not necessary for high
performance when training with CPUs. We compared Intel
Omni-path (OPA) to 10 Gigabit Ethernet and found little
performance difference between the two when scaling from
1 to 16 nodes.

We tested various types of storage, from local disk (Local)
and shared memory (SHM) on each compute node to shared
filesystems such as NFS, Lustre (LFS) and Dell EMC Isilon
(IFS).

We saw no performance loss when training models directly
in shared storage systems, as the I/O requirements for our

Fig. 4: Network fabric comparison

Fig. 5: Local vs. shared storage comparisons

benchmark model were not excessive. However, time for local
storage was more variable due to stage-in time from shared
storage.

VI. TRANSFER LEARNING

The CheXNet model is an example of transfer learn-
ing [28]–[30], which is the process of using a model which
has already been trained for a potentially unrelated application,
and using that model to jump start the learning process for
a new application. In the case of CheXNet, a 121-layer
DenseNet [31] architecture has been previously trained on the
ImageNet data set [3]. This trained model provides a better-
than-random starting point for training CheXNet to identify
features in chest xray images, and helps to reduce the number
of epochs of training necessary to converge to a functional
model.

VII. FUTURE WORK

We intend to closely examine other neural network topolo-
gies trained on datasets in other industry segments, including
looking at voice-to-text, language translation, and regression
models for financial services. By examining a range of neural
network architectures, we hope to be able make informed
choices about hardware strengths/weaknesses for different
neural network topologies, find low hanging fruit for opti-
mizations, and guide users to well-performing networks.

(a) Accuracy (b) Loss

Fig. 6: Training Mammography Model with and without
Transfer from Chest Xrays
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