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Abstract

Deep learning has been applied to clinical applications in not only radiology, but also all other areas of medicine. This review
provides a technical and clinical overview of deep learning in radiology. To gain a more practical understanding of deep
learning, deep learning techniques are divided into five categories: classification, object detection, semantic segmentation,
image processing, and natural language processing. After a brief overview of technical network evolutions, clinical applica-
tions based on deep learning are introduced. The clinical applications are then summarized to reveal the features of deep
learning, which are highly dependent on training and test datasets. The core technology in deep learning is developed by
image classification tasks. In the medical field, radiologists are specialists in such tasks. Using clinical applications based
on deep learning would, therefore, be expected to contribute to substantial improvements in radiology. By gaining a better
understanding of the features of deep learning, radiologists could be expected to lead medical development.
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SAH Subarachnoid hemorrhage
ASL Arterial spin labeling

VN Variational network

PICS Parallel imaging and compressed sensing
DnCNN Denoising convolutional neural network
PE Pulmonary embolism

Al Artificial intelligence

Introduction

Deep learning has led to dramatic, state-of-the-art improve-
ments in speech recognition, visual object recognition,
object detection, and natural language processing (NLP)
[1]. Two key aspects are common among the various high-
level descriptions of deep learning [2]: models consisting of
multiple layers or stages of nonlinear information process-
ing; and methods for supervised or unsupervised learning
of feature representation at successively higher and more
abstract layers.

Deep learning is a subfield of artificial neural networks
(ANNS5) in machine learning. Broadly speaking, there have
been three waves of development [3]: the deep learning
known as cybernetics in the 1940s—1960s; the deep learn-
ing known as connectionism in the 1980s—1990s; and the
current resurgence under the name of deep learning, which
began in 2006. The first wave started with the development
of theories of biological learning [4, 5] and implementations
of the first models, such as the perceptron [6], which enabled
the training of a single neuron. The second wave started
with back-propagation [7] to train an ANN with one or two
hidden layers. The third and current wave started with the
development of a kind of ANN, called a deep belief network,
which could be efficiently trained using a strategy called
greedy layer-wise pretraining [8—10]. The ANN in the third
wave is called deep learning. In contrast to deep learning,
the networks in the previous two waves were called shallow
learning. Compared with the first two waves, the third has
been achieving substantial development.

In the scope of radiology, the first research on ANNs was
reported by Asada et al. [11] in 1990. Shallow learning was
applied to the differential diagnosis of interstitial lung dis-
ease. There were only three layers (Fig. 1). On the other
hand, the first research about deep learning was reported by
Cicero et al. [12], who classified chest X-ray abnormalities
using an algorithm developed by GoogLeNet [13] (Fig. 1).
The former achieved an area under the receiver operat-
ing characteristic curve (AUC-ROC) of 0.97 for intestinal
lung diseases, while the latter achieved an AUC-ROC of
0.85-0.96 for differentiating a normality and five abnor-
malities. At a glance, both algorithms achieved high perfor-
mance; however, there was a great difference. The primary
difference between the past ANN (shallow learning) and
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present ANN (deep learning) is the learning process. In the
former research, the shallow ANN did not need images, but
did need the radiologists’ interpretations of those images.
The ANN could not learn from the images alone. For exam-
ple, when a chest X-ray showed a nodule in the upper left
area, the radiologist needed to input that information into
the ANN. In other words, radiologists were needed to extract
features before the ANN could do so. On the other hand,
deep learning can develop algorithms using images only
and then immediately begin extracting features from those
images. The learning process in deep learning is, therefore,
an end-to-end approach.

The remainder of this review is divided into four sections:
a technical overview, clinical applications, a quality proof,
and the future of deep learning in medicine. In the technical
and clinical overview sections, techniques and applications
are explained in chronological order. In the quality proof
section, the reliability and accuracy of clinical applications
are discussed. In the last section on future perspectives,
some possibilities about the future of deep learning and
associated changes in radiology are discussed.

Technical overview

In this section, deep learning techniques are summarized.
This aim of this overview was to provide a historical and
practical introduction of deep learning. The deep learn-
ing principles concerning convolutional neural networks
(CNNs) were summarized in a previous review [14]. From
the viewpoint of radiology, deep learning techniques are
divided into the following five categories: classification,
object detection, semantic segmentation, image processing,
and NLP. Classification is a process in which objects are
recognized, differentiated, and understood. Object detection
is the extraction of particular areas from images. Semantic
segmentation is the partition of an image into several coher-
ent parts; it describes the process of associating each pixel
with a class label. For example, finding a nodule from mam-
mography is “object detection”, evaluating a nodule to deter-
mine whether it is benign or malignant is “classification”,
and extracting contours from a nodule is “segmentation”.
Image processing is the technique of converting images.
Examples of classification, detection, and segmentation are
shown in Figs. 2 and 3. In the scope of image processing
techniques, super resolution (SR) is the most well-known
and important. The SR technique enhances images from low
resolution (LR) to high resolution (HR) by extracting param-
eters. Examples of SR are shown in Fig. 4. Finally, NLP is
defined as an automatic manipulation of natural language. In
radiology, NLP is a fundamental method used to extract data
from radiological reports or clinical records for analysis. A
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Fig. 1 The first models of shallow and deep learning in radiology. a Three layers, including one hidden layer, in the research of Asada et al. [11].

b GoogLeNet in the research of Cicero et al. [12]

Normal Malignant

Fig.2 Examples of classification

brief technical overview of deep learning models is shown
in Fig. 5.

The remainder of this section is composed of eight sub-
sections; the first five describe deep learning architectures
by category, and the final three describe important tech-
niques in deep learning—the fine-tuning technique, genera-
tive adversarial networks (GANs), and neural architecture
search (NAS).

Classification

Classification is the most well-known category in deep
learning and triggered the deep learning boom. The core
technology in deep learning is classification and the key for
classification is a CNN. The CNN has its roots in a neocog-
nitron proposed by Fukushima et al. [15]. The idea of neo-
cognitron was based on the biological mechanisms of visual
recognition in the primary visual cortex of a vertebrate [16].
The earliest CNNs were used to recognize individual objects
in extremely small, tightly cropped images [7]. Since then,
there has been a gradual increase in the size of images. The
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Detection Segmentation

Fig.3 Examples of object detection and semantic segmentation.
Finding a nodule from mammography is a type of object detection.
Extracting contours from a nodule is a type of segmentation

Original

Fig.4 Examples of super resolution. Upper images are original
mammography images, and lower images are mammography images
applying super resolution

largest competition in object recognition is the ImageNet
Large Scale Visual Recognition Challenge ILSVRC), which
has been held annually since 2010. A dramatic moment in
the meteoric rise of deep learning came in 2012, when, for
the first time, a CNN—AlexNet—won top prize in the ILS-
VRC [17]. Subsequently, VGGNet [18] won second prize in
2013, GoogLeNet [13] won first prize in 2014, and ResNet
[19] won first prize in 2015, when it finally achieved a top-5
error rate, down to 3.6%; compare this with the human rate,
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Image Processing

(Super resolution) NLP

Classification ~ Detection  Segmentation

2012 AlexNet
2013 VGGNet R-CNN RNN/LSTM
CBOW/Skip-gram
GloVe
2014 GoogLeNet MultiBox FCN SRCNN GRU
DeepLab NTM
2015 ResNet Fast R-CNN ParseNet VDSR
Faster R-CNN SegNet DRCN
YOLO
SSD
2016  DenseNet SharpMask FSRCNN FastText
RefineNet SRResNet Attention
PSPNet ESPCN Memory augmented network
2017 MASK R-CNN FC-DenseNet ~ SR-DenseNet
. DRRN
RetinaNet EDSR
Memnet
ZSSR
2018 HFCN RDN
DBPN

Fig.5 Technical overview of the deep learning models

which is said to be about 5% [3]. Generally speaking, the
deeper the network, the better the accuracy. This is because
deeper networks can express more complicated shapes, as
the number of convolutional layers deepens. There are 5,
16, 59, and 150 layers in AlexNet, VGGNet-19, GoogLeNet
(Inception v1), and ResNet-152, respectively. Unfortunately,
however, the deeper the network, the more difficult the back-
propagation. To achieve good balance between network
depth and back-propagation, GoogLeNet introduced the
“Inception module” to the network while ResNet introduced
a “skip connection”. The goal of the Inception module is to
act as a multi-level feature extractor by computing several
convolutions within the same module. One of the most ben-
eficial aspects of this architecture is that it allows for the
number of units at each stage to be significantly increased
without substantial increase in computational complexity.
The main feature of ResNet is the skip connection, in which
a few convolution layers at a time are bypassed. Each bypass
gives rise to a residual block in which the convolution layers
predict a residual that is added to the block’s input tensor,
which promotes effective learning. DenseNet [20] is con-
structed from “dense blocks”, which connect each layer to
every other in a feed-forward fashion. For each layer, the fea-
ture maps of all preceding layers are used as inputs, and its
own feature maps are used as inputs in all subsequent layers.

Object detection

Based on the techniques developed in classification, object
detection methods, which have deeper architectures with the
capacity to learn more complex features, have been greatly
improving. In addition, their expressivity and robust training
algorithms allow informative object representations to be
learned without the need to design features manually. The
frameworks of generic object detection methods can be cat-
egorized into two main types [21]. The first type is a region
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proposal-based framework, which follows the traditional
object detection pipeline, that is, it generates region propos-
als and then classifies each one into object categories. The
second type is a regression-based framework, which regards
object detection as a classification problem and thereby
adopts a unified framework to achieve the final results (cat-
egories and locations) directly. Deep learning techniques
developed in classification are used as the core technology
for both types. The region proposal-based methods mainly
include regions with CNN features (R-CNN) [22], Fast
R-CNN [23], Faster R-CNN [24], and Mask R-CNN [25].
The regression-based frameworks mainly include Multi-
Box [26], You only look once (YOLO) [27], the single shot
MultiBox detector (SSD) [28], and RetinaNet [29]. The
correlations between these two pipelines are bridged by the
anchors introduced in Faster R-CNN.

The first region proposal-based detection model is
R-CNN [22]. R-CNN adopts a selective search to generate
about 2 k region proposals for each image. The selective
search method relies on simple bottom-up grouping and sali-
ency cues to provide more accurate candidate boxes of arbi-
trary sizes quickly and reduce the searching space in object
detection. Fast R-CNN [23] jointly optimizes classification
and bounding box regression tasks. Faster R-CNN [24] uses
an additional subnetwork to generate region proposals and
enables nearly cost-free region proposals to share full-image
convolutional features with the detection network. Mask
R-CNN [25] extends Faster R-CNN by adding a branch for
predicting an object mask in parallel with the existing branch
for bounding box recognition, thereby providing instance
segmentations for objects. The first regression-based detec-
tion model is MultiBox [26]. MultiBox produces scored
class-agnostic region proposals. A unified loss was intro-
duced to bias both the localization and confidence of multi-
ple components to predict the coordinates of class-agnostic
bounding boxes. YOLO [27] accomplishes object detec-
tion via a fixed-grid regression, and as the whole detection
pipeline is a single network, it can be optimized end-to-end
directly for detection performance. SSD [28] was inspired by
the anchors adopted in MultiBox and multi-scale representa-
tion. SSD takes advantage of a set of default anchor boxes
with different aspect ratios and scales to discretize the output
space of bounding boxes. To handle objects with various
sizes, the network fuses predictions from multiple feature
maps with different resolutions. RetinaNet [29] improves
class imbalances that lead to relatively low accuracy by
reshaping the standard cross entropy loss such that it down-
weights the loss assigned to well-classified examples.

Semantic segmentation

The most successful state-of-the-art deep learning tech-
niques for semantic segmentation stem from fully

convolutional networks (FCNs) [30], in which existing and
well-known classification models are transformed into fully
convolutional ones by replacing the fully connected layers.
In this way, semantic segmentation is dependent on classifi-
cation techniques. ResNet has been extended to work as an
FCN (e.g., DeepLab [31], RefineNet [32], and the pyramid
scene parsing network (PSPNet) [33]), yielding good results
based on different segmentation benchmarks. FC-DenseNet
[34] introduced DenseNet, which is suitable for semantic
segmentation as it naturally induces skip connections and
multi-scale supervision. Although FCN-based decoder
structures are considered the most popular and successful
in terms of segmentation, some other remarkable structures
exist. SegNet [35], which is classified as autoencoder net-
work, is a typical example [36]. The core trainable engine
consists of an encoder network, a corresponding decoder
network, and a pixel-wise classification layer. The architec-
ture of the encoder network is topologically identical to the
13 convolutional layers in VGGNet.

Semantic segmentation is a problem that requires the
integration of information from various spatial scales [37]
and also implies balancing local and global information. On
the one hand, fine-grained or local information is crucial to
achieving good pixel-level accuracy. On the other hand, it
is also important to integrate information from the global
context of the image to be able to resolve local ambigui-
ties. Many approaches can be taken to make CNNs aware of
global information, including refinement as a post-process-
ing step with conditional random fields (CRFs) (DeepLab
[38]), dilated convolutions (DeepLab [31]), multi-scale pre-
diction [39], and feature fusion (ParseNet [40], SharpMask
[41]). CRFs enable the combination of low-level image
information, such as interactions between pixels, with the
output of multi-class inference systems that produce per-
pixel class scores. This combination is especially impor-
tant to capture both long-range dependencies, which CNNs
fail to consider, and fine local details. DeepLab [38] makes
use of the fully connected pairwise CRF [42, 43]. Dilated
convolutions [44], also referred to as a trous convolutions,
support exponentially expanding receptive fields without
losing resolution. The dilated convolutions are regular ones
that make use of upsampled filters, which were introduced
to an improved version of DeepLab [31]. Multi-scale net-
works [39] are another possible way to deal with context
knowledge integration. Multi-scale networks generally
make use of multiple networks that target different scales
and then merge the predictions to produce a single output.
As aresult, the network becomes more robust to scale varia-
tions. Future fusion is a technique that consists of merging a
global feature (extracted from a previous layer in a network)
with a more local feature map extracted from a subsequent
layer. ParseNet [40] uses the average feature for a layer to
augment the features at each location to add global context.
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SharpMask [41] introduced a progressive refinement mod-
ule to incorporate features from the previous layer to the
next in a top-down architecture. RefineNet [32] combined
encoder—decoder architecture into dilated convolutions.
PSPNet [33] is composed of a pyramid pooling module and
dilated convolutions. Highly fused convolutional networks
(HFCNs) [45] adopt a strategy involving the upsampling of
multiple steps and the combining of feature maps in pool-
ing layers with corresponding unpooling layers. As a result,
HFCNs make use of the feature and reduce loss reduction
when the loss is back-propagated.

Image processing

Image processing is the technique used to convert images.
Among the image processing techniques, SR [46] is the most
well known and important. SR refers to the task of restoring
HR images from one or more LR observations of the same
scene. The most basic model is SRCNN [47, 48], which is
a three-layer CNN. The functions of these three nonlinear
transformations are patch extraction, nonlinear mapping,
and reconstruction. Fast SRCNN (FSRCNN) [49] is the first
network to utilize this normal deconvolution layer; it uses
nearest-neighbor interpolation, in which the points in the
upsampled features are repeated several times in each direc-
tion; this configuration of upsampled pixels is redundant.
Efficient sub-pixel CNN (ESPCN) [50] is composed of a
CNN architecture, where the feature maps are extracted in
the LR space, and an efficient sub-pixel convolution layer,
which learns an array of upscaling filters to upscale the final
LR feature maps into the HR output. Very deep super reso-
lution (VDSR) [51] is the first very deep model based on
VGGNet. Deeply recursive convolutional network (DRCN)
[52], which is based on VDSR, is composed of the same con-
volution kernel in the nonlinear mapping part, and presents
a deep recursive layer up to 16 recursions. SR-ResNet [53],
which is based on ResNet, is made up of 16 residual units.
DRRN [54] is a proposed method in which basic residual
units are rearranged in a recursive topology to form a recur-
sive block. Enhanced deep super resolution network (EDSR)
[55] removes the usage of batch normalization, resulting
in high performance. SR-DenseNet [56], Memnet [57], and
residual dense network (RDN) [58] have been proposed
based on DenseNet. SR-DenseNet further concatenates all
the features from different blocks before the deconvolution
layer, which has been shown to improve performance effec-
tively. Memnet uses residual units recursively to replace the
normal convolutions in the block of the basic DenseNet and
adds dense connections among different blocks. RDN uses
residual units recursively to replace the normal convolutions
in the block of the basic DenseNet. Deep back-projection
networks (DBPNs) [59] use deep architectures to simulate
iterative back-projection and further improves performance
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with dense connections. Zero shot super resolution (ZSSR)
[60] is the first work to combine deep architectures with
internal-example learning.

Natural language processing (NLP)

Natural language processing is a theory-motivated range of
computational techniques for the automatic analysis and rep-
resentation of human language [61]. The main use of NLP in
radiology is the task of semantic classification in radiologi-
cal reports. In general, NLP consists of two steps. The first
step, called distributed representation, is representing each
word, character, and sentence into vectors, and the second
is treating the representations with a CNN.

The main advantage of the first step, distributional vec-
tors, is that they capture similarity between words. Dis-
tributed representation is an internal representation of the
observed data done in such a way that they are modeled
as being explained by the interactions of many hidden fac-
tors. One particular factor learned from the configurations
of others can often generalize well to new configurations. In
introducing distributed representation into NLP, a character
or word is represented by distributional vectors; for example,
every color is represented by red, blue, and green vectors.
This kind of vector composition also allows it to address the
question “King — Man+ Woman=?" and arrive at the result
“Queen”. Distributed representation has some important
frameworks, including Word2Vec [62], global vectors for
word representation(GloVe) [63], and fastText [64, 65]. In
Word2Vec, two concepts, continuous bag-of-words (CBOW)
and skip-gram models, have been proposed to construct
high-quality distributed vector representations efficiently.
GloVe is another well-known word embedding method that
combines the advantages of the two major model families in
the literature: global matrix factorization and local context
window methods. In addition, fastText improves the repre-
sentation of words by using character-level information in
morphologically-rich languages; it approaches the skip-gram
method by representing words as bag-of-characters n-grams
[66].

The second step is the use of deep learning. Some trials
have applied CNNs to NLP. In the first reported application
of deep learning to NLP [67], a simple CNN framework
outperformed most state-of-the-art approaches in NLP.
However, deep learning is naturally suitable for the use of
recurrent architecture to deal with sentences, because words
and sentences are dependent on context. Some networks
have connoted recurrent neural networks (RNNs) [68], long
short-term memory (LSTM) [69, 70], gated recurrent units
(GRUs) [71], recursive neural networks [72], and neural
Turing machines (NTMs) [73]. RNNs [68] are the most well-
known networks; RNNs memorize previous computations
and use this information in current processing. In practice,
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however, these simple RNNs suffer from the infamous van-
ishing gradient problem, which makes it difficult to learn
and tune the parameters of the earlier layers in the network.
LSTM allows errors to back-propagate through an unlimited
number of time steps. GRU involves lesser complexity and
has empirically similar performance to LSTM. Attention
[74] mechanisms encode a variable-length input sentence
into a fixed-length vector. With an attention mechanism, it is
no longer necessary to try to encode the full-source sentence
into a fixed-length vector. Attention mechanisms enable the
model to learn what to attend to based on the input sentence
and what it has produced so far. Similar to RNNs, recur-
sive neural networks are natural mechanisms that model
sequential data. This is because language can be seen as a
recursive structure where words and sub-phrases comprise
other higher-level phrases in a hierarchy. NTMs are models
that connect neural networks to external memory resources,
which they can interact with by attentional processes. In
addition, a memory-augmented network [75] was proposed
to assimilate and leverage new data rapidly to make accurate
predictions after only a few samples.

Transfer learning

Transfer learning is a machine learning technique where a
model trained on one task is re-purposed on a second related
task. It is a popular approach in deep learning, where pre-
trained models are used as the starting point for computer
vision and NLP tasks owing to the vast compute and time
resources required for these problems by ANNs. In image
recognition tasks, early layers extract more generic features
such as edges, shapes, and textures [76]. Only the last one
or two layers of a CNN extract more complex features and
perform the most complex tasks of summarizing the vector-
ized image data into the classification data. Transfer learning
uses these earlier layers of the CNN as a feature extractor
in other networks.

Generative adversarial networks (GANs)

Generative adversarial networks [77] are a generative mod-
eling approach based on differentiable generator networks.
GANSs provide a way to learn deep representations without
extensively annotated training data. They are composed of
two parts that update alternatively—a generator and a dis-
criminator—and when the discriminator can no longer pro-
vide useful information to the generator, that is, when the
outputs of the generator totally confuse the discriminator,
the optimization procedure is completed.

Deep convolutional GANs (DCGANSs) [78] allow the
training of a pair of deep convolutional generator and dis-
criminator networks. In image processing, pix2pix [79],
CycleGAN [80], and GAN with XO-structure (XOGAN)

[81] are used for image-to-image translation. The pix2pix
networks learn not only the mapping from input image to
output image, but also a loss function to train the mapping.
CycleGAN represents an approach for learning to translate
an image from a source domain to a target domain in the
absence of paired examples. XOGAN provides one-to-many
unsupervised image translation problems in which an input
sample from one domain can correspond to multiple samples
in the other. SRGAN, in which the generator of GAN is the
SR-ResNet [53], as mentioned before, uses SR. It extends
earlier efforts by adding an adversarial loss component that
constrains images to reside on manifolds. In NLP, GAN is
used to generate text. TextGAN [82] is a generic frame-
work employing LSTM and CNN for adversarial training
to generate realistic text. SeqGAN [83] trains a language
model using policy gradients to train the generator to fool
a CNN-based discriminator that discriminates between real
and synthetic text. MaskGAN [84] employs an actor—critic
training procedure on a task designed to provide rewards at
every time step.

Neural architecture search (NAS)

Neural architecture search uses machine learning to auto-
mate the design of ANNSs. The basic search algorithm is to
propose a candidate model, evaluate it against a dataset, and
then use the results as feedback to teach the NAS network.
Designing effective neural network architectures is crucial
for the performance of deep learning. While many impres-
sive results have been achieved through significant manual
architecture engineering, this process typically requires
years of extensive investigation by human experts. There-
fore, automatic architecture design has recently attracted
much attention. Recently, NAS has achieved higher perfor-
mance than manual architecture engineering. It is currently
being applied to and improving the performance of every
deep learning area, including a gradual introduction to medi-
cal imaging processing [85].

GeNet [86] is the first network to apply a genetic algo-
rithm for exploring efficient neural network architectures.
An encoding method to represent each network structure
with a fixed-length binary string is proposed, and then some
popular genetic operations, such as mutation and crossover,
are applied to explore the search space efficiently. NAS-
Net [87] uses a RNN to generate the model descriptions
of neural networks and train the RNN with reinforcement
learning to maximize the expected accuracy of the gener-
ated architectures. Efficient NAS (ENAS) [88] shares param-
eters among child models, which allows it to deliver strong
empirical performances at much lower computing costs.
Differentiable architecture search (DARTS) [89] is based
on the continuous relaxation of architecture representation,
allowing efficient searches of the architecture using gradient
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descent. Neural architecture optimization (NAO) [90] opti-
mizes network architectures by mapping them into a con-
tinuous vector space, where optimization is conducted via a
gradient-based method.

Clinical overview

Numerous other studies on ANNs have been reported since
the first by Asada et al. [11]. A PubMed search with regard
to “neural network” and “deep learning” before October 23,
2018 found 94 papers in journals such as Radiology, Inves-
tigative Radiology, the American Journal of Roentgenology,
the American Journal of Neuroradiology, European Radi-
ology, the Korean Journal of Radiology, and the Japanese
Journal of Radiology. Of these, 62 involved shallow learning
and 32 deep learning. This review summarizes the 32 deep
learning studies, which consist of 13 on classification, one
on detection, six on semantic segmentation, five on image
processing, and two on NLP. Five studies involve the com-
bination of two or three deep learning techniques.

In this article, datasets can be roughly divided into three
types. Training and validation datasets are used for develop-
ing algorithms. Developing datasets include both training
and validation datasets. Training datasets comprise examples
used for learning, namely to fit the parameters of a classifier,
whereas validation datasets are used to tune the hyperparam-
eters while providing an unbiased evaluation of the model
fit to the training dataset. Finally, test datasets are used for
evaluating the algorithm. These should be independent from
developing datasets.

Classification

In total, 13 articles about classification in radiology were
found in the PubMed search. Cicero et al. [12] used Goog-
LeNet to classify abnormalities (i.e., cardiomegaly, effusion,
consolidation, edema, and pneumothorax) in frontal chest
radiographs and develop an algorithm; the number of devel-
oping and testing data were 32,586 and 2443 images, respec-
tively. The datasets were collected from a single institution.
For the abnormal categories, the AUCs were 0.96 for pleural
effusion, 0.87 for pulmonary edema, 0.85 for consolidation,
0.88 for cardiomegaly, and 0.86 for pneumothorax.

Lakhani et al. [91] evaluated the efficacy of CNNs for
classifying tuberculosis in chest radiographs using both
Googl.eNet and AlexNet. The number of developing and
testing data were 857 (417 containing tuberculosis) and 150
(75 containing tuberculosis) images, respectively. The data-
sets were collected from four different datasets. The best-
performing classifier, which was an ensemble [92] of the
two networks, had an AUC of 0.99.
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Prevedello et al. [93] developed two algorithms. First,
they evaluated the performance of a deep learning algo-
rithm for the classification of hemorrhage, mass effect, or
hydrocephalus (HMH) in head computed tomography (CT)
examinations. Second, they evaluated the performance of an
algorithm for the detection of suspected acute infarct (SAI).
Googl.eNet was used for the both algorithms. The HMH
algorithm was developed by 246 developing examinations
(containing 100 positive cases: 76, 13, and 11 cases of hem-
orrhage, mass effect, and hydrocephalus, respectively; and
146 negative cases: 22, 24, and 100 cases of SAI, encepha-
lomalacia, and no critical findings, respectively) and 130
testing examinations (containing 50 positive cases: 38, 5,
and 7 cases of hemorrhage, mass effect, and hydroceph-
alus; and 71 negative cases: 21, 9, and 50 cases of SAI,
encephalomalacia, and no critical findings, respectively).
The algorithm performance for HMH showed an AUC of
0.91. The SAI algorithm was developed by 71 developing
examinations (containing 22 positive cases of SAI and 49
negative cases: 24 and 25 cases of encephalomalacia and no
critical findings, respectively) and 49 testing examinations
(containing 21 positive cases of SAI and 28 negative cases:
9 and 19 cases of encephalomalacia and no critical findings,
respectively). The algorithm performance for SAI showed an
AUC of 0.81. In that study, the dataset were collected from
a single institution.

Kim et al. [94] evaluated the accuracy and efficiency of
a new automatic software system for bone age assessment
and validated its feasibility in clinical practice. However, the
developing algorithm is unclear because the electronic sup-
plement did not work. The algorithm was built using 18,940
images of left-hand radiographs from a single institution.
The test dataset was collected from a different institution
than the training one and was composed of 200 left-hand
radiographs. They determined that the concordance rate was
70% between the automatic software system and the refer-
ence bone age. When the automatic software system was
implemented as the second opinion in daily clinical prac-
tice, the radiologists’ reading times were reduced by 29%
on average, without compromising the accuracy of bone age
estimations.

Yasaka et al. [95] investigated diagnostic performance
using a deep learning method with a CNN for the differentia-
tion of liver masses in dynamic contrast agent-enhanced CT
images. Masses were diagnosed according to the following
five categories: category A, classic hepato-cellular carcino-
mas (HCCs); category B, malignant liver tumors other than
classic and early HCCs; category C, indeterminate masses
or mass-like lesions, including early HCCs and dysplastic
nodules, and rare benign liver masses other than heman-
giomas and cysts; category D, hemangiomas; and category
E, cysts. An architecture with six convolutional layers was
applied. The numbers of developing and testing data were
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1068 examinations (240, 121, 320, 207, and 180 cases for
categories A, B, C, D, and E, respectively) and 100 exami-
nations (21, 9, 35, 20, and 15 cases for categories A, B, C,
D, and E, respectively). All datasets were collected by a
single institution. The median accuracy for the differential
diagnosis of liver masses for the test dataset was 0.84, and
the median AUC-ROC for differentiating categories A—B
from C-E was 0.92.

Larson et al. [96] compared the performance of a deep-
learning bone age assessment model based on hand radio-
graphs with that of expert radiologists. ResNet was used
for the algorithm. The algorithm was built using 14,036
images of left-hand radiographs from two institutions. The
test datasets were collected from the same institution as the
developing data and a different institution than the develop-
ing dataset. They were composed of 200 and 913 left-hand
radiographs, respectively. The mean difference between the
bone age estimates of the model and reviewers was 0 years,
with root mean square and median absolute deviations of
0.63 and 0.50 years, respectively.

Yasaka et al. [97, 98] reported two additional studies
about deep learning. One was the application of deep learn-
ing to liver fibrosis in magnetic resonance (MR) imaging
[98] and the other was in CT imaging [97]. First, they inves-
tigated the performance of a CNN for the staging of liver
fibrosis using gadoxetic acid-enhanced hepatobiliary phase
MR imaging. An architecture with three convolutional lay-
ers was applied. The developing and test datasets comprised
534 examinations (54, 53, 81, 113, and 233 patients with
fibrosis stages FO, F1, F2, F3, and F4, respectively) and 100
examinations (10, 10, 15, 20, and 45 patients with fibrosis
stages FO, F1, F2, F3, and F4, respectively), respectively.
All datasets were collected by a single institution. Fibrosis
stages F4, F3, and F2 were diagnosed with AUCs of 0.84,
0.84, and 0.85, respectively. The Spearman rank correlation
coefficient was 0.63. Second, they investigated whether liver
fibrosis could be staged by deep learning techniques based
on CT images. An architecture with four convolutional lay-
ers was applied. The developing and test datasets comprised
396 examinations (113, 36, 56, 66, and 125 patients with
fibrosis stages FO, F1, F2, F3, and F4, respectively) and 100
examinations (29, 9, 14, 16, and 32 patients with fibrosis
stages FO, F1, F2, F3, and F4, respectively), respectively.
All datasets were collected by a single institution. The AUCs
for diagnosing significant fibrosis (> F2), advanced fibrosis
(=F3), and cirrhosis (F4) using F-scores were 0.74, 0.76,
and 0.73, respectively. The Spearman rank correlation coef-
ficient was 0.48.

Noguchi et al. [99] developed algorithms to classify
head MR sequences and applied pretrained AlexNet and
GoogLeNet. They enrolled 78 patients with mild cogni-
tive impairment (MCI) having apparently normal head MR
images and 78 patients with intracranial hemorrhage (ICH)

having morphologically deformed head MR images. They
used 1872 images of the first proximal and middle slices of
six MR sequences; 468 of these images were then randomly
split into an 82%:9%:9% ratio for training (384 images), vali-
dation (42 images) and testing (42 images). The pretrained
AlexNet had accuracies of 73, 74, 73, and 61% in the middle
slices of the MCI group, middle slices of the ICH group, first
slices of the MCI group, and first slices of the ICH group,
respectively, while the pretrained GooglLeNet had accuracies
of 100, 98, 93, and 95%, respectively.

England et al. [100] developed a deep learning algorithm
to diagnose traumatic pediatric elbow effusion on lateral
radiographs using DenseNet. The algorithm had an AUC of
0.94 on the test set. The developing dataset comprised 772
images (582 and 190 patients with no-effusion and effusion,
respectively) and the test dataset comprised 129 examina-
tions (96 and 33 patients with no-effusion and effusion,
respectively). These datasets were collected from a single
institution.

Kim et al. [101] compared the diagnostic performance of
a deep learning algorithm developed using ResNet with that
of radiologists in diagnosing maxillary sinusitis on Waters’
view radiographs. The developing dataset contained 9000
radiographs. Two test datasets were prepared, one containing
140 radiographs from the same institution as the developing
dataset, and the other containing 200 radiographs from a dif-
ferent institution. The AUCs of the deep learning algorithm
were 0.83-0.89 and 0.75-0.84 for the test sets from the same
and different institutions, respectively, while the AUCs of
the radiologists were 0.83—-0.89.

Lehman et al. [102] developed a deep learning algorithm
using a ResNet model to assess mammographic breast den-
sity. In their retrospective study, a deep CNN was trained
to assess breast density based on the original interpretation
of 41,479 digital screening mammograms by an experi-
enced radiologist. The resulting algorithm was tested on a
held-out test set of 8677 cases. In addition, five radiologists
performed a reader study on 500 mammograms randomly
selected from the test dataset. Finally, the algorithm was
implemented in routine clinical practice, where eight radiol-
ogists reviewed 10,763 consecutive mammograms assessed
using the model. All datasets came from a single institution.
The model showed good agreement with radiologists in the
test dataset (x=0.67) and with radiologists in consensus in
the reader study dataset (x=0.78). There was also very good
agreement (k =0.85) with radiologists in the clinical imple-
mentation dataset.

Ueda et al. [103] developed and evaluated a supportive
algorithm using deep learning for detecting cerebral aneu-
rysms using time-of-flight MR angiography to provide a
second assessment of images already interpreted by radi-
ologists. ResNet was used to distinguish true aneurysms.
The algorithm detected cerebral aneurysms in radiological
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reports with a sensitivity of 91-93% and improved aneurysm
detection compared with initial reports by 4.8-13%. They
prepared one dataset from two institutions for training and
two datasets from two institutions for the tests. The numbers
of aneurysms were 683 for the training dataset, 592 for one
test dataset, and 74 for another test dataset.

Object detection

Only one article about detection in radiology was found in
the PubMed search. Chang et al. [104] evaluated a CNN
optimized for the detection and quantification of intraparen-
chymal, epidural/subdural (EDH/SDH), and subarachnoid
hemorrhages (SAH) on non-contrast CT images. That CNN
was based on mask R-CNN [25]. Their model made it eas-
ier to understand and deal with object detection tasks, but
it included not only detection, but also segmentation. The
developing and test datasets comprised 10,159 examinations,
including 901 hemorrhage cases, and 682 examinations,
including 92 hemorrhage cases, respectively. The datasets
were collected from a single institution. The AUC of all ICH
cases for the prospective test dataset was 0.95. The mean
validation Dice similarity coefficients for intraparenchymal
hemorrhage, EDH/SDH, and SAH were 0.93, 0.86, and 0.77,
respectively.

Semantic segmentation

Six studies were found on semantic segmentation in radi-
ology. Becker et al. [105] applied deep learning to mam-
mography to distinguish malignant from benign and nor-
mal lesions. The name of the network was “ViDi Red”, but
its detailed architecture remains unclear. They developed
two algorithms. In study 1, the numbers of developing and
test data were 286 examinations, including 143 malignant
cases, and 70 examinations, including 35 malignant cases,
respectively. The datasets were collected from different
institutions. In study 2, the numbers of developing and test
datasets comprised 895 examinations, including 125 malig-
nant cases, and 251 examinations, including 18 malignant
cases, respectively. The datasets were collected from a single
institution. That study showed that deep learning algorithms
designed for generic image analysis can be trained to assess
breast cancers from mammography data with AUCs of 0.79
in study 1 and 0.82 in study 2.

Norman et al. [106] analyzed the use of CNNs for auto-
mated cartilage and meniscus segmentation in knee MR
imaging. The network used was U-net [107]. U-net was
proposed for the medical imaging community in the same
period as SegNet [35]. U-net transfers the entire feature
map to corresponding decoders and then concatenates
them to upsampled decoder feature maps; unlike Seg-
Net, it does not reuse pooling indices. Two algorithms
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were developed: one for three-dimensional double-echo
steady-state (3D-DESS) image sequences and the other
for T1rho-weighted image sequences. The 3D-DESS and
T1rho-weighted sequence examinations were collected by
different institutions. For its development, 415 examina-
tions of a 3D-DESS sequence from a single institution
and 158 examinations of T1rho-weighted sequence from a
single institution were used. Next, algorithms were devel-
oped for the 3D-DESS and T1rho-weighted sequences.
For testing, 16 examinations of 3D-DESS sequences
from a single institution and 158 examinations of T1rho-
weighted sequences from a single institution were used.
The 3D-DESS and T1rho sequences were used to test the
algorithms separately. The Dice coefficients for predicting
overall cartilage and meniscus in the DESS dataset were
0.87 and 0.83, respectively, while those for cartilage and
meniscus in the Tlrho-weighted dataset were 0.74 and
0.77, respectively.

Perkuhn et al. [108] evaluated a deep learning-based,
automatic glioblastoma tumor segmentation algorithm and
compared the results with ground truth, manual expert seg-
mentation; Laukamp et al. [109] evaluated meningiomas in
the same way. Both studies used the deep learning architec-
ture of a pretrained DeepMedic network [110], which won
the Ischemic Stroke Lesion Segmentation Challenge compe-
tition in 2015. DeepMedic was developed by applying a 3D
network to a multi-scale CNN with CRFs and a pretrained
model using 249 gliomas. Perkuhn et al. [108] and Lau-
kamp et al. [109] prepared 62 glioblastomas and 56 menin-
giomas for testing, respectively. Each dataset was collected
by different institutions. The former and latter algorithms
achieved Dice coefficients of 0.86 and 0.81 for the whole
tumor, respectively.

Montoya et al. [111] developed a deep learning angiogra-
phy method using architecture based on ResNet to generate
3D cerebral angiograms from a single contrast-enhanced
C-arm cone-beam CT image to reduce image artifacts and
radiation dose. The developing and test dataset comprised 43
and eight examinations, respectively. The datasets were col-
lected by a single institution. The Dice coefficient was 0.98
for vascular segmentation. No residual signal from osseous
structures was observed for any of the 3D deep learning
angiography testing cases, except for small regions in the
optic capsule and nasal cavity, compared with 37% of the
3D rotational angiographies.

Tao et al. [112] applied U-net to develop a deep learning-
based method for the fully automated quantification of left
ventricular function from short-axis cine MR images and
evaluate its performance in a multivendor and multicenter
setting. The cine MR datasets were obtained from three
major MR vendors in four medical centers. The develop-
ing and test datasets contained 400 and 196 examinations,
respectively. The Dice coefficients were 0.88, 0.95, and 0.92
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and 0.91, 0.96, and 0.94 in the apex, middle, and base of the
endocardium and epicardium, respectively.

Image processing

Five papers on image-processing in radiology were found,
including five on SR. Liu et al. [113] developed and evalu-
ated the feasibility of deep learning approaches for MR
imaging-based attenuation correction in brain positron
emission tomography/MR imaging. SegNet was applied to
convert MR to pseudo-CT images. The developing and test
datasets comprised 30 and 10 examinations of a T1-weight
image (T1WI) sequence. The datasets were collected by
a single institution. The algorithm provided an accurate
pseudo-CT scan with Dice coefficients of 0.97 for air, 0.94
for soft tissue, and 0.80 for bone.

Kim et al. [114] developed a deep learning algorithm
based on DeepMedic that generates arterial spin labeling
(ASL) perfusion images with higher accuracy and robustness
using a smaller number of subtraction images. First, they
adopted Hadamard-encoded pseudo-continuous ASL. The
developing and test datasets comprised 114 and 26 exami-
nations, respectively. Second, they adopted 3D pseudo-con-
tinuous ASL and cross-validation methods. The developing
data comprised seven examinations; no test dataset was used.
The datasets were collected by a single institution. The mean
square errors were approximately 40% lower than those of
the conventional averaging method for cross-validation with
healthy subjects and patients and a separate test with patients
who had experienced a stroke.

Ahn et al. [115] compared observer preferences for image
quality and radiation doses between non-grid, grid-like, and
grid images. They adopted SimGrid, which converts non-
grid to grid-like images. SimGrid allows the distribution
and degree of scatter radiation to be estimated using raw
image data directly with a pretrained CNN; however, the
development method remains unclear. The test dataset com-
prised 38 examinations. The dataset was collected in a single
institution. Radiologists significantly preferred grid-like to
non-grid images (p <0.001).

Chen et al. [116] developed a deep learning reconstruc-
tion approach to improve the reconstruction speed and qual-
ity of highly undersampled variable-density single-shot fast
spin-echo imaging using a variational network (VN) [117],
which applied a variational method with deep learning.
Next, they compared the ability of the VN with conventional
parallel imaging and compressed sensing (PICS) reconstruc-
tion. The developing and test datasets comprised 130 and 27
examinations, respectively. The datasets were collected by
a single institution. Compared with conventional PICS, the
VN achieved improved the perceived signal-to-noise ratio
(»=0.01) and sharpness (p =0.001), with no difference in
image contrast (p =0.24) or residual artifacts (p =0.07). In

terms of overall image quality, the VN performed signifi-
cantly better than PICS (p =0.02). The average reconstruc-
tion times (within six standard deviations) were 5.6 s per
section for PICS and 0.19 s per section for VN.

Jiang et al. [118] tested whether a deep learning-based
denoising CNN (DnCNN) method [119] could robustly
denoise 3D MR images with Rician noise. The developing
dataset comprised 20 examinations of a TIWI sequence
from a single institution. To evaluate this method, three data-
sets from different institutions, including T1WI acquired at
1.5 and 3 T, as well as MR images simulated with a widely
used MR simulator, were randomly selected and artificially
added with different noise levels ranging from 1 to 15%. For
comparison, four other denoising methods (Coupe-Block,
WSM, ODCT3D, and PRI-NLM3D) were also tested using
these datasets. DnCNN for a specific noise level showed
the most robust denoising performance in all three datasets
in terms of the highest perceived signal-to-noise ratio and
global structure similarity index. The general noise-applica-
ble model also performed better than the other four methods
for the two datasets.

Natural language processing (NLP)

Two studies on NLP in radiology were found. Chen et al.
[120] evaluated the performance of a CNN compared with
a traditional NLP model in extracting pulmonary embolism
(PE) findings from thoracic CT reports. The CNN model
was developed to classify three categories: presence of PE
(present or absent), chronicity of PE (acute or chronic), and
location of PE (central or subsegmental). If a PE was pre-
sent in the report, then it was considered a positive study
for PE. They applied GloVe for word-embedding and then
used a simple CNN with one layer of convolution [121].
The developing data of 3512 reports contained 1407 PE-
positive reports, of which 1232 were acute and 250 were
subsegmental. The testing data of 1000 reports contained
40 PE-positive reports, of which 34 were acute and 11 were
subsegmental. The testing data of 859 reports contained
293 PE-positive reports, of which 261 were acute. The test
dataset did not distinguish between central or subsegmental
location. In the test dataset, the model correctly predicted all
three classification dimensions with an accuracy of 99% and
an F1 score of 0.94. In the test dataset, the model correctly
predicted both classification dimensions with an accuracy of
92% and an F1 score of 0.89.

Zech et al. [122] compared different methods for gen-
erating features from radiology reports and developed a
method to automatically identify the findings in these reports
applying CBOW. The best-performing model had a held-
out AUC of 0.97 for identifying the presence of any critical
head CT findings and an average 0.96 AUC across all head
CT findings.
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Combination of deep learning techniques

Five studies combining deep learning techniques were
found. Chang et al. [123] developed a deep learning algo-
rithm to classify genetic mutations in gliomas. They first
used a DeepMedic algorithm for the segmentation of glio-
mas. Second, they trained ResNet to predict the underlying
molecular genetic mutation status in gliomas. The glioma
dataset containing 259 examinations was applied to the
segmentation. The processed dataset was then used for
sequential development. The mean tumor size determined
by the automated segmentation tasks was 105.6 cm>. The
classification had high accuracy: IDHI mutation status,
94%; 1p/19q codeletion, 92%; and MGMT promotor meth-
ylation status, 83%. However, the results were calculated
using only a validation dataset; no independent test dataset
was used.

Liu et al. [124] determined the feasibility of using a deep
learning approach to detect cartilage lesions (including sof-
tening, fibrillation, fissuring, focal defects, diffuse thinning
due to cartilage degeneration, and acute cartilage injury)
within the knee joint in MR images. They used SegNet
[35] for segmentation and VGGNet [18] with fine tuning
by SegNet for classification. In the segmentation task, 175
examinations outlining cartilage by a radiologist were used
to develop an algorithm applying a three-fold cross-valida-
tion method and no test dataset. The architecture provided
good segmentation of the femur, tibia, femoral cartilage, and
tibial cartilage. The mean Dice coefficients were 0.96 for the
femur, 0.95 for the tibia, 0.81 for the femoral cartilage, and
0.82 for the tibial cartilage. In the classification task, based
on the dataset used in the segmentation task, 16,075 small
image patches were prepared for developing, including 1982
of cartilage, and 1320 small image patches were prepared for
test, including 660 of cartilage. All images were collected by
a single institution. The AUC of the cartilage lesion detec-
tion system was 0.91-0.92.

Choi et al. [125] developed and validated a deep learn-
ing system for staging liver fibrosis using CT images of the
liver. They used U-net [107] for segmentation and the NAS
model (GeNet [86] or NEMO [126]) for classification. In the
segmentation task, 50 examinations outlining the liver by a
radiologist were used to develop an algorithm applying a
fivefold cross-validation method. The segmentation architec-
ture provided a Dice coefficient of 0.92. In the classification
task, 7461 examinations (3357, 113, 284, 460, and 3247
cases in categories FO, F1, F2, F3, and F4, respectively)
and 891 examinations (118, 109, 161, 173, and 330 cases in
categories FO, F1, F2, F3, and F4, respectively) outlining the
liver by the developed algorithm were prepared for devel-
oping and tests. The developing dataset was collected from
a single institution and the test dataset from five different
institutions. The algorithm achieved staging ROCs of 0.96,
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0.97, and 0.95 for diagnosing significant fibrosis (F2—-F4),
advanced fibrosis (F3-F4), and cirrhosis (F4), respectively.

Nam et al. [127] developed and validated a deep learn-
ing-based automatic detection algorithm for malignant pul-
monary nodules on chest radiographs. They used a model
based on ResNet for classification and segmentation. The
algorithm was trained in a semi-supervised learning manner
using all of the image-level labels, but only part of the pixel-
level annotations in the training dataset: 37% (3213 of 8625)
of nodule chest radiographs underwent pixel-level annota-
tion. Next, 300 examinations outlining the nodule were used
for the internal validation dataset. There were four external
test datasets, including 181 examinations (119 nodules), 182
examinations (123 nodules), 181 examinations (111 nod-
ules), and 149 examinations (89 nodules). The AUC-ROC
and jackknife alternative free-response ROC of the algo-
rithm ranged between 0.92-0.99 and 0.83-0.92, respectively.

Liang et al. [128] developed a fully automated deep
learning-based method using CT images of the neck and
investigated the model performance in automated detec-
tion and segmentation. Their model was based on Faster
R-CNN. After using Faster R-CNN, an FCN was adopted
for semantic segmentation. A total of 185 subjects from a
single institution were included in the study and divided
into developing and test datasets. The number of datasets
is unclear. The model provides an accurate detection result
with a sensitivity of 1.00 for most organs and a specificity
of 0.98-1.00. Furthermore, segmentation results from the
model correlated strongly with manual segmentation with a
Dice coefficient of more than 0.85 in most organs.

Quality proof

Deep learning has been applied to clinical applications
in radiology. The performance of these applications has
achieved almost the same or even higher performance com-
pared with radiologists. The use of clinical applications
created by deep learning in medicine is an issue of great
interest. Like every type of approved medical equipment, the
applications developed by deep learning should be evaluated
with prudent methods considering the peculiar character-
istics of deep learning. The most important and interest-
ing feature of deep learning is that it can extract features
from developing data on its own. On one hand, it enables
researchers to develop algorithms using only prepared data.
On the other hand, it more or less fits to the characteris-
tics in the developing data. More training data provide deep
learning applications with more robust and higher perfor-
mances, and vice versa. It is said that deep learning algo-
rithms will generally achieve acceptable performance, with
around 5000 labeled examples per category, and will match
or exceed human performance when trained with a dataset
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containing at least ten million labeled examples [3]. Most
of the applications created by deep learning in radiology do
not have plenty of data compared with general image rec-
ognition. However, unlike general images, it is not easy to
obtain medical data from patients. Especially in radiology,
data preparation means extracting hundreds of thousands of
images, making a bounding box or segmentation one-by-
one, and preparing the cases’ demographic characteristics,
including not only sex and age, but also the size or grade
of diseases. This preparation requires substantial amounts
of both time and effort. The lack of sufficient training data
causes variations in accuracy between different cohort data-
sets. The most important process in the quality certification
of applications based on deep learning is the prudent exami-
nation of test and training datasets.

Test dataset

As stated previously in the section of clinical overview,
there are generally three datasets used for the development

Fig. 6 Examples of overlooked
aneurysms [103]. The images
on the left are time-of-flight
magnetic resonance angiogra-
phy axial source images, and
those on the right are maximum
intensity projection images. a
15-mm (in long-axis diam-
eter) aneurysm (arrowhead) at
the bifurcation of the middle
cerebral artery of a 67-year-old
woman. b 10-mm (in long-axis
diameter) aneurysm (arrow-
head) in the vertebral artery of a
30-year-old woman

(b)

of deep learning algorithms. Training and validation datasets
are used for developing the algorithms, and a test dataset is
used to assessing their versatility. In principle, each dataset
has no overlap. Algorithms developed by a lack of a test
dataset have no proof of versatility. Park et al. [129] empha-
sized the use of a test dataset composed of newly recruited
patients (referred to as a temporal test dataset), and a test
dataset collected by independent investigators at a different
site (referred to as a geographic dataset). Test datasets may
also include a small fraction of data that were randomly
split from the entire dataset and kept untouched for use as
a test dataset while the main portion of the data was used
for training (referred to as a split-sample test dataset). From
the clinical standpoint, testing with the use of a temporal or
geographic dataset is preferred to split-sample tests to con-
firm the generalizability of a diagnostic or predictive model
for clinical practice. Split-sample validation may address
the internal validity of a model, but does not accurately
assess its generalizability. Geographic tests are also helpful
for evaluating the generalizability of deep learning models
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Table 1 The types of test datasets used for classification, object detection, and segmentation

Citation Target Modality The deep learning The deep learning Development/evalu-  The type of test
model category ation dataset
[12] Abnormality CR GoogleNet Classification Both Split-sample test
[91] Tb CR AlexNet, GoogLeNet Classification Both Split-sample test®
[93] Emergency HMH CT GoogleNet Classification Both Split-sample test
SAI CT GooglLeNet Classification Both Split-sample test
[94] Bone age CR Unknown Classification Evaluation Geographic test
[95] Liver mass CT Six convolutions Classification Both Split-sample test
[96] Bone age CR ResNet Classification Both Geographic test
[97] Liver fibrosis CT Four convolutions Classification Both Split-sample test
[98] Liver fibrosis MR Three convolutions Classification Both Split-sample test
[99] Image classification MR AlexNet, GoogLeNet Classification Both Split-sample test
[100] Elbow effusion CR DenseNet Classification Both Split-sample test
[101] Sinusitis CR ResNet Classification Both Geographic test
[102] Mammo density CR ResNet Classification Both Temporal test
[103] Aneurysms MR ResNet Classification Both Geographic test
[104] Hemorrhage CT mask R-CNN Detection Both Temporal test
CT mask R-CNN Segmentation Both Temporal test
[105] Breast cancer studyl MG Unknown (ViDi Red) Segmentation (not Both Geographic test
clear)
study2 MG Unknown (ViDi Red) Segmentation (not Both Temporal test
clear)
[106] Knee DESS MR U-net Segmentation Both Split-sample test
Tlrho MR U-net Segmentation Both Split-sample test
[108] Glioblastoma MR DeepMedic Detection Evaluation Geographic test
MR DeepMedic Segmentation Evaluation Geographic test
[109] Meningioma MR DeepMedic Detection Evaluation Geographic test
MR DeepMedic Segmentation Evaluation Geographic test
[111] Angiography CT ResNet Segmentation Both Split-sample test
[112] Left ventricular MR U-net Segmentation Both Geographic test
[123] Glioma MR DeepMedic Segmentation Evaluation Geographic test
MR ResNet Classification Development Cross-validation only
[124] Cartilage MR SegNet Segmentation Both Cross-validation only
MR VGG Classification Both Split-sample test
[125] Liver fibrosis CT U-net Segmentation Both Cross-validation only
CT GeNet or NEMO Classification Both Geographic test
[127] Lung cancer CR ResNet Segmentation Both Cross-validation only
CR ResNet Classification Both Geographic test
[128] Neck anatomy CT Faster R-CNN Detection Both Split-sample test

*There is no independent test dataset but both developing and test datasets were collected from several institutions

that involve radiologic imaging across technical variations,
because the same imaging examination may be performed
with slightly different technical parameters at different sites.
This procedure is crucial for avoiding an overestimation of
the performance as a result of overfitting in a high-dimen-
sional or overparameterized classification model and spec-
trum bias.
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Training dataset

In almost all studies, the fewer the cases in the training data-
set, the less the accuracy, sensitivity, or AUC. For example,
examining correlations in the study by Chang et al. [104],
the AUCs for EDH/SDH and SAH gradually decreased in
accordance with the size reduction of the hematoma. Two
hypotheses arise from this example. First, smaller lesions are
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Table 2 Correlations between the number of developing data and sensitivities
Citation Target Category No. of developing data Sensitivity
[95] Liver mass A (classic HCCs) 240/1068 0.71
B (malignant liver tumors other than classic and 121/1068 0.33
early HCCs)
C (indeterminate masses or mass-like lesions) 320/1068 0.94
D (hemangiomas) 207/1068 0.90
E (cysts) 180/1068 1.00
[97] Liver fibrosis (CT) by Yasaka Significant fibrosis (F2-F4) 2471396 0.76
Advanced fibrosis (F3-F4) 191/396 0.75
Chirrhosis (F4) 125/396 0.75
[98] Liver fibrosis (MR) Significant fibrosis (F2-F4) 427/534 0.84
Advanced fibrosis (F3-F4) 346/534 0.78
Chirrhosis (F4) 233/534 0.76
[103] Aneurysm Internal carotid artery area 444/748 0.94
Middle cerebral artery area 90/748 0.86
Anterior cerebral artery area 149/748 0.91
Posterior artery area 26/748 1.00
Basilar artery area 25/748 0.93
Vertebral artery area 14/748 0.79
[104] IPH Large 192/358 1.00
Medium 88/358 1.00
Small 63/358 1.00
Punctate 15/358 1.00
EDH/SDH Large 188/319 1.00
Medium 79/319 0.93
Small 49/319 0.75
Punctate 3/319 NA
SAH Large 85/224 1.00
Medium 53/224 1.00
Small 52/224 0.83
Punctate 34/224 0.67
[125] Liver fibrosis (CT) by Choi Significant fibrosis (F2-F4) 3991/7461 0.96
Advanced fibrosis (F3-F4) 3707/7461 0.95
Chirrhosis (F4) 324777461 0.85

difficult to diagnose for deep learning algorithms, similar to
physicians. Second, the lack of the training data causes the
decrease in the AUC. In the study by Ueda et al. [103] the
algorithm overlooked larger aneurysms (Fig. 6), for which
there were not enough training data; this supports the latter
hypothesis. To estimate the weakness of the algorithm, it is,
therefore, important to evaluate training datasets and reveal
imbalances in the prevalence of data. Clinical applications
developed by deep learning in radiology are summarized
from these perspectives in Tables 1 and 2 and Fig. 7. Table 1
shows the types of test datasets in medical classification,
detection, and segmentation applications. The most reliable

test dataset is the geographic test dataset. In addition, the
temporal test dataset is trustworthy. Table 2 summarizes
the category classifications (not binary classifications), and
Fig. 7 shows the correlation between the number of train-
ing data and sensitivities. A clear association can be seen
between the number of training data and sensitivities. The
higher the number of training data, the higher the sensitivity
of the algorithms.

Ultimately, clinical verification of the diagnostic or pre-
dictive accuracy of every medical application (not only those
developed by deep learning) requires a demonstration of an
effect on patient outcomes [129].
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Future of deep learning in medicine

Deep learning is a state-of-the-art technique currently being
applied in the field of radiology. Deep learning emerged as
the preferred machine learning approach in machine percep-
tion. As mentioned previously, deep learning techniques are
divided into the following five categories in radiology: clas-
sification, object detection, segmentation, image processing,
and NLP. In each area, deep learning has been performing
increasingly better through integrating with existing meth-
ods and maximizing performance. The use of deep learning
for clinical applications is an issue of great interest. Before
using deep learning algorithms, it is important that they are
assessed using various test datasets, and also that the train-
ing datasets are evaluated to reveal imbalances in the data
distribution.

One recent study published in Nature [130] reported that
deep learning applications can provide precise predictions
about mortality rates, readmission rates, and prolonged hos-
pital stays. Using the deep learning techniques, NLP and
classification, to analyze all the patient data in electronic
health records achieved high accuracy for tasks such as
predicting in-hospital mortality (AUC-ROC of 0.93-0.94),
30-day unplanned readmission (AUC-ROC of 0.75-0.76),
prolonged length of stay (AUC-ROC of 0.85-0.86), and a
final discharge diagnoses (frequency-weighted AUC-ROC of
0.90). All patient data, including laboratory data, vital signs,
and radiological reports, and even clinical handwriting, was
processed in that study. Deep learning has been changing
and improving not only radiology, but also all other areas
of medicine. The introduction of deep learning applications
into real clinical situations to detect and classify disease
lesions in radiographs is expected in the near future. Moreo-
ver, deep learning applications are expected to be applied to
the analysis of health records to predict patients’ conditions.

@ Springer

As the use of artificial intelligence (Al)-assisted imaging
diagnosis spreads in the future, what changes will it bring
to the work of radiologists? Answering this question is not
straightforward because it is a type of future prediction that
will be influenced greatly by a number of complex factors.
The answer will also vary from country to country because
it will largely depend on medical and legal systems in each
country. Therefore, here we present a scenario that is likely
to occur in Japan. It has been reported by the news media
that the Japanese government is planning to prepare inclu-
sive rules for the use of Al in medical practice [131]. These
regulations stipulate that physicians should bear the ulti-
mate responsibility for Al-supported diagnosis and treatment
planning [131]. Under such circumstances, it is estimated
that radiologists will judge the suitability of Al for imag-
ing diagnosis using modalities such as CT and MR imaging
and will be responsible for the final decisions. Therefore,
radiologists will be required to have the skills necessary to
deal with Al, as well as adequate knowledge regarding the
strengths and weaknesses of Al in imaging diagnosis. In
addition, since ground truths are not shown in the judgment
by Al using deep learning, it would be necessary for radiolo-
gists to be capable of showing a scientific basis in assessing
the suitability of Al judgments. The workload of radiolo-
gists in Japan is an issue of concern [132—134]. The use of
Al for imaging diagnosis in Japan could be expected to lead
to a reduction in the workloads of radiologists in the future.
Radiologists will need to have a solid understanding and
sincere appreciation of deep learning in the Al era, and they
will need to carefully consider the contributions to medical
development that will be made possible by deep learning as
an initial conductor.
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