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As radiology is inherently a data-driven specialty, it is especially conducive to utilizing data processing techniques. One such technique,
deep learning (DL), has become a remarkably powerful tool for image processing in recent years. In this work, the Association of University
Radiologists Radiology Research Alliance Task Force on Deep Learning provides an overview of DL for the radiologist. This article aims to
present an overview of DL in a manner that is understandable to radiologists; to examine past, present, and future applications; as well as
to evaluate how radiologists may beneﬁt from this remarkable new tool. We describe several areas within radiology in which DL techniques
are having the most signiﬁcant impact: lesion or disease detection, classiﬁcation, quantiﬁcation, and segmentation. The legal and ethical
hurdles to implementation are also discussed. By taking advantage of this powerful tool, radiologists can become increasingly more accurate in their interpretations with fewer errors and spend more time to focus on patient care.
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INTRODUCTION

R

ecent rapid advances in computer hardware and
software now allow computers to perform an
increasing number of tasks that have historically not
been possible (1). The technologies that can in some ways
mimic the decision-making abilities of humans are known by
several names, depending on the nature of the algorithms
used. One of the more sophisticated sets of algorithms is often
referred to as deep learning (DL). DL has made great advances
in recent years, now performing tasks that only humans could
perform just a few years ago. Some may perceive DL algorithms as a threat to medicine and radiology. However, DL is
like any other tool, intrinsically neither good nor evil, but
rather dependent on the application. In this work, the Association of University Radiologists Radiology Research Alliance Task Force on Deep Learning provides an overview of
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DL for the radiologist. The goal of this task force was to
examine developments in DL and how they will inﬂuence
the current and future practice of radiology. This article seeks
to present an overview of DL in a manner that is understandable to radiologists; to examine past, present, and future
applications; and to evaluate how radiologists may beneﬁt
from this remarkable new tool. Additional resources providing greater depth of coverage are included for the interested
reader.

EVOLUTION OF ARTIFICIAL INTELLIGENCE AND
MACHINE LEARNING
Most people's knowledge of artiﬁcial intelligence (AI) is
derived from science ﬁction movies. AI is deﬁned as “the
capacity of computers or other machines to exhibit or simulate intelligent behavior” (2) and is now a thriving ﬁeld and
the focus of a great amount of research and investment. Early
on, the focus of AI was to address problems that were difﬁcult
for humans but relatively straight forward for computers to
solve. Such problems include abstract and formal mathematical problems, such as adjusting the window and the level of a
radiographic image on a viewing workstation. Additionally,
the early attempts of AI were based on rigid predeﬁned rules,
but this approach was largely unsuccessful (3).
An advance in AI was the advent of machine learning (ML),
which is the ability of an AI system to extract information from
raw data and to learn from experience. This avoids the need for
“human operators to formally specify all of the knowledge that
the computer needs” (3). For example, an ML algorithm introduced in 1990 utilized logistic regression to determine whether
or not cesarean section was appropriate (4).
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Broadly speaking, ML comprises a set of algorithms that aim
to allow computers to receive an assortment of input data and
to generate complex inferences that are based on potentially
obscure relationships between inputs. For example, ML algorithms may play an important role in combining ﬁnancial data
(such as company and industry earnings reports) and nonﬁnancial data (including information of geopolitical events and
weather patterns) to generate nuanced recommendations about
whether to buy or sell an equity stock position.

WHAT IS DEEP LEARNING?
DL has received a great deal of attention lately both in the
consumer world and throughout the medical community,
whereas ML algorithms have been a focus of research for
many years. There has been a renewed interest in DL algorithms lately since they reduced the top-5 error by 10% in
2012 at the ImageNet Large Scale Visual Recognition Challenge (5). Top-5 error is deﬁned as “the fraction of test
images for which the correct label is not among the ﬁve labels
considered most probable by the model.” Every year since
then, DL models have dominated the challenges, signiﬁcantly
reducing the top-5 error, and in 2015, human performance
was surpassed by DL algorithms.
Another relatively recent advancement is the application of
graphics processing units (GPUs) in ML algorithms. GPUs
have been used for decades in the video game market and are
now available at a relatively low cost. GPUs excel at the types
of computations needed for DL applications and, in fact,
speed up DL algorithms. The usage of GPUs has been a signiﬁcant contributing factor in advancements in pattern recognition, image segmentation, and object detection (1), all of
which are highly relevant to radiology.
DL is not a speciﬁc algorithm but is rather a technique that
involves many layers. The DL algorithms most applicable to
radiology are called convolutional neural networks (CNNs)

Figure 1. Basic representation of an artiﬁcial neural network with
neurons similar to those within a brain. The left layer of the neural
network is called the input layer and contains neurons that encode the
values of the input pixels. The rightmost layer is called the output layer,
which contains the output neurons. The middle contains “n” number
of hidden layers, which perform mathematical transformations or convolutions of the data. (Color version of ﬁgure is available online.)

as these are very efﬁciently applied to image segmentation
and classiﬁcation (6).
CNNs are called “neural networks” based on the fact that
their structure is analogous to biological nervous systems
(Fig 1). Lower level information inputs, akin to cutaneous
sensory nerves, form synaptic connections to the next level
or “layer” of neurons. Each neuron in this second layer can
combine the inputs from lower level neurons to form a
newer, more complex output. As the number of intermediate
or hidden layers increases, so too does the allowable complexity and richness of the output from the highest layer.
Simple neural network-based ML algorithms typically
include only a small number of these layers (Fig 1). DL algorithms may include many, many more. Having more layers
has been shown to increase test accuracy (5) (Fig 2).
Several factors contribute to the accuracy of DL algorithms. One factor that has been shown to increase accuracy
is the number of times a dataset is passed through the ML
algorithm (epoch), as shown in Figure 3. Having more layers
has been shown to consistently increase test accuracy; a representative ﬁgure of this relationship is illustrated in Figure 2.

Figure 2. A representative example of
how increasing the number of layers
(x axis) increases the test accuracy (y
axis).
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Figure 3. A curve showing the convergence of accuracy for a machine learning algorithm for chest radiograph data as a function of the number of iterations (epochs).

The historical challenge of DL has been the need for tremendous computational power. To make the problem more
mathematically tractable within the limits of computational
reality, researchers have had to simplify and constrain the
problems they address in various ways. One common strategy
is to curate and label input data to reduce the number of neuronal layers needed to generate meaningful output. Another
strategy is supervision of the learning process, wherein the
algorithm is allowed to infer certain relationships only in speciﬁc, predeﬁned ways. These strategies are still in common
use, but with recent dramatic advances in computational
power, researchers are increasingly able to utilize unsupervised learning of large-scale, unlabeled data. A familiar example from this decade is IBM's Watson, which relies on DL
algorithms to produce meaningful answers to natural language queries based on free, unstructured data available on
the Internet and a variety of other information databases.
Creating a CNN and training it from conception can take
a signiﬁcant amount of time and resources. An alternative to
this approach is transfer learning, which involves transferring
the knowledge gained by a CNN in one dataset to another
dataset with a completely different kind of data. In the context of medical imaging, this method usually means training
the algorithm on a large variety of nonmedical images. In
fact, CNNs trained in this manner outperform or, at the very
least, perform just as well as those trained with purely medical
images (7 9).
DL may proceed using two basic approaches: supervised
learning and unsupervised learning. In supervised learning,
1474

the computer is given labeled datasets in which objects have
been preclassiﬁed, and the algorithm looks for features differentiating the objects in each class. In unsupervised learning,
the computer algorithms are given unlabeled data (objects
that have not been prepartitioned into classes). The unsupervised DL algorithm is then tasked with both determining the
labels of the different classes of objects and separating the
objects into their appropriate classes. As an example, an unsupervised DL algorithm may be tasked with both identifying
features that differentiate benign and malignant nodules and
classifying the nodules into their respective class or category.
The goal of DL is an intelligent computer system that can
disentangle massive amounts of unlabeled and unstructured
data to produce complex and meaningful insights. In a sense,
this is the workﬂow of the modern radiologist—translating a
large, digital dataset containing pixel intensity values into an
accurate diagnosis. For a compressive overview of the details
of how DL works (under the hood), the interested reader is
directed to the text by Goodfellow et al. (10).

CURRENT ADVANCES IN DEEP LEARNING
OUTSIDE OF MEDICINE
DL has found many applications outside of medicine. Some
of these applications include, but are not limited to, the following areas: gaming, language (written and spoken), ﬁnancial analysis, and imaging (processing and analysis). Some of
these applications are discussed further in greater detail.
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Gaming

The ﬁrst computer games were developed in the 1950s and
have evolved rapidly as computer and software technology
has advanced. Two speciﬁc games that have undergone
much examination have been Chess and Go.
Chess
Computer chess algorithms were ﬁrst developed in the late
1950s but had limited capabilities and were not very successful
against human players. As technology advanced, so did the abilities and performance of chess playing algorithms. For many
years, even the best computer algorithms could not defeat a
grand master in chess. However, in 1997, Deep Blue defeated
Gary Kasparov, then the reigning world champion, in a chess
match. Many years of development and training were needed
to achieve this result (11). Subsequently, in 2015, Matthew Lai
developed the DL chess algorithm, Giraffe, which played thousands of games against itself and in 72 hours essentially trained
itself to play at the master level (12).
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the user desires to execute. Applications in radiology are discussed later.
Imaging

DL has been used in image processing and analysis for a variety of nonmedical applications. For example, DL has been
used to colorize black and white images. Even with computer
ﬁlm colorization in the late 1980s and 90s, colorization was
still a long and labor intensive process, often requiring signiﬁcant human intervention. Now DL learning algorithms are
able to recognize the correct color for many objects and to
colorize images with little human input (17). Optical character recognition refers to the ability of computers to identify
and translate handwritten human characters into machineencoded text. While recognition of written characters had
been a difﬁcult task for computers to perform, DL algorithms
have successfully converted written language into machineencoded text (18).
DEEP LEARNING IN MEDICINE

Go
Go is a game played on a 19 £ 19 board and has an immense
game space. For reference, there are approximately 10360
possible moves in a game of Go, compared to approximately
10123 possible moves in a game of chess, and an estimated
1080 atoms in the known universe (13). Until recently, computers could not defeat professional Go players. In October
2015, DL-based AlphaGo (Google, Mountain View, CA)
defeated Fan Hui in ﬁve of ﬁve games to become the ﬁrst
computer to defeat a professional Go player without handicaps (14).

Language

DL has been proven to be useful for several applications in
the realm of language. For instance, DL algorithms have
recently been used for automatic translation of text documents between languages (15). Another application of ML in
language is the Chatbot, also known as an Artiﬁcial Conversational Entity. These programs use both natural language
processing (NLP) and DL to analyze human input and to
generate a response (16). The exact scope of Chatbot use is
difﬁcult to quantify, but it is likely that many of us have communicated with a Chatbot online and have not even realized
we were interacting with a computer.
DL has also been used in speech recognition. Virtual assistants may be thought of as the computer analog of an administrative assistant. Today there are several virtual assistants
available, including Siri (Apple Inc, Cupertino, CA), Alexa
(Amazon, Seattle, WA), Cortana (Microsoft, Redmond,
WA), and Google Assistant (Google, Mountain View, CA).
The algorithms underlying these applications rely on ML for
both recognition of speech and interpretation of the actions

The implementations of DL in other areas of medicine most
relevant to radiology not surprisingly involve imaging. Examples include visible light images—photographs, such as those
taken of skin lesions (particularly malignancies)—and ophthalmologic funduscopic images. Such images are particularly
suited for DL techniques because they are typically only a single image as opposed to the thousands of images common in
advanced imaging studies.
Utilizing two different validation sets with two different set
points (high speciﬁcity or high sensitivity), researchers were
able to achieve 90.3% and 87.0% sensitivity and 98.1% and
98.5% speciﬁcity for detecting referable diabetic retinopathy
at the high speciﬁcity set point, and 97.5% and 96.1% sensitivity and 93.4% and 93.9% speciﬁcity at the operating point
selected for high sensitivity. This ﬁnding was complementary
to the low false-positive rates of ophthalmologists (19).
A CNN developed to classify skin lesions (keratinocyte
carcinomas vs benign seborrheic keratoses, and malignant
melanomas vs benign nevi) achieved performance equivalent
to dermatologists (20).
A framework developed to detect and localize metastatic
disease on gigapixel microscopy images utilizing a CNN
architecture achieved image-level area under the curve
(AUC) scores above 97% (21). In a similar vein, researchers
achieved an AUC of 89% when utilizing a DL algorithm to
automatically identify metaphase chromosomes using scanning microscopic imaging (22).
CURRENT APPLICATIONS IN RADIOLOGY
Radiology differs from other image recognition applications
of DL algorithms in that a computed tomography or magnetic resonance imaging examination can consist of thousands
of images as opposed to a single image. This greatly increases
1475
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the complexity of required computational algorithms. Additionally, other applications such as facial recognition deal
with a relatively homogenous set of images of faces, whereas
images in radiology can vary widely, depending on patient
factors and pathologies, which further increase the complexity of the problem.
Currently, most of the applications within radiology are
narrowly focused on achieving a speciﬁc task. Areas of active
focus within radiology can be divided into several different
categories: lesion or disease detection, classiﬁcation and diagnosis, segmentation, and quantiﬁcation. These categories are
somewhat arbitrary and have a signiﬁcant amount of overlap,
but provide a useful framework for discussing current applications of DL in radiology. A large portion of DL research in
radiology, to date, has been in the ﬁelds of cardiothoracic
imaging and breast imaging, although the range of applications is rapidly expanding.
Additionally, there are many ML applications in radiology
performance improvement and health policy, but these are
beyond the scope of this article.

LESION OR DISEASE DETECTION
There are differences in medical and nonmedical data, and
one of the most notable may be the importance of relatively
small ﬁndings on images. Interestingly, DL systems utilizing
the ImageNet training data (ie, nonmedical images) have
been shown to be effective at categorizing ﬁndings on chest
radiographs, such as pleural effusion, cardiomegaly, and
mediastinal enlargement (8). Another more recent study classifying tuberculosis on chest radiographs showed that utilizing
a DL system pretrained with AlexNet and GoogLeNet nonmedical data was the most effective, with an AUC of 0.99.
With a radiologist-augmented approach, the achieved sensitivity was 97.3% and the speciﬁcity was 100% (23). This ﬁnding suggests that the algorithms are able to handle images
from a wide variety of sources and are not restricted to the
image domains for which they were originally developed.
Computer-aided detection (CAD) applications utilizing
DL systems are signiﬁcantly more effective than traditional
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systems (24 26). Several different applications have shown
that DL is highly effective at identifying pulmonary nodules
(8,24,27 29). Such applications can enable radiologists to
practice “at the top of their license” instead of spending time
tediously searching for small lesions.
DL has been very successfully applied to the identiﬁcation
and characterization of imaging abnormalities. One particular
area where DL has been proven to be useful is in the diagnosis of pulmonary nodules. Note that the diagnosis component
of CAD includes characterization and classiﬁcation of lesions.
The historical model for both detection and characterization
or diagnosis involved using predeﬁned rules. These rules
were often predeﬁned by humans and few in number. DL
algorithms allow computer algorithms to deﬁne features of
interest themselves based on the characteristics of the dataset
and may be far greater in number than the feature sets
selected by humans (30). As a result of the use of DL algorithms, the sensitivity and true positives per examination for
the detection of pulmonary nodules have increased. Consider
that an early example of a CAD algorithm for nodule detection on computed tomography had a sensitivity of 72% with
4.6 false positives per study (31), with newer DL algorithm
demonstrating sensitivities of up to 92% with 4 false positives
per scan (32).

CLASSIFICATION
ML algorithms excel at solving linear and logistic regression
problems. Classifying images into one of two or more categories based on imaging ﬁndings represents a logistic regression
problem.
There have been many applications of DL within chest
imaging. Unlike conventional ML classiﬁcation, which
requires predeﬁned features, DL algorithms are able to create
or identify their own features for classiﬁcation (Fig 4). Several
researchers have demonstrated the ability of a CNN to classify lung nodules as benign or malignant (33,34). DLs with
CNNs have accurately classiﬁed tuberculosis on chest radiographs with an AUC of 0.99. Utilizing a radiologist-augmented approach further improved accuracy (23). Other ML

Figure 4. Differences between classiﬁcation using conventional algorithms and deep learning algorithms. Note that S indicates combination
of data inputs.

1476

Academic Radiology, Vol 25, No 11, November 2018

algorithms, such as Bayesian and support vector machines
(SVMs), have successfully characterized different obstructive
lung diseases on high-resolution CT (35). A CNN with ﬁve
convolutional layers was able to achieve an 85.5% accuracy
rate for classifying interstitial lung diseases (36). CNNs have
also been effective at classifying the presence or the absence
of an endotracheal tube on chest radiograph with an AUC of
0.99 (37).
There is a great deal of overlap between detection and classiﬁcation with CNNs in mammography as many CNNs
designed for detection also ultimately aim to classify lesions.
Additional applications in breast imaging include accurate
classiﬁcation of breast density on mammograms (38) and classiﬁcation of tumors (9).
Applications of DL have also been demonstrated in musculoskeletal imaging. A highly accurate, fully automated system
of determining bone age was developed with an interpretation time of less than 2 seconds (39).
There have been mixed results with transfer learning in
medical imaging applications. Initial results showed that using
nonmedical image databases to train CNNs later used in
medical image analysis can increase accuracy (22), and transfer
learning with CNNs can be used to effectively classify
abdominal ultrasound images (40), but the use of transfer
learning with images of natural scenes did not improve the
estimation of treatment response in patients with bladder cancer. However, transfer learning with images of bladders did
improve classiﬁcation (41).
Exploiting radiology report databases by using modern
information processing technologies may improve report
search and retrieval and help radiologists in diagnosis. Compared to search reports using keywords, NLP and natural language understanding provide a more efﬁcient way to
organize and retrieve relevant information from radiology
reports.
QUANTIFICATION
Many areas in radiology may beneﬁt from improved tools for
quantiﬁcation, for example, lung nodule volumes, liver iron,
brain atrophy, and brain tumors (Response Evaluation Criteria in Solid Tumors and other measurement systems). The
amount of cerebral edema following stroke can be accurately
quantiﬁed automatically using ML algorithms (42).
“Radiomics,” a ﬁeld of study involved with the extraction
of large numbers of features from medical imaging examinations using data-characterization algorithms, is undergoing a
rapid revolution with the introduction of ML techniques.
Traditionally, radiological diagnosis involved the extraction
of high-level imaging features by experts, for example, radiologists, who through experience noted the relationships
between clinical factors and imaging features. Typically, these
involved a limited set of features, such as diameter, volume,
attenuation and signal intensities, and enhancement values
and trajectories. However, with quantitative ML approaches,
a rich and large set of radiomic features, which in many cases
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are not perceived by human eyes, can be employed to correlate imaging features with clinical factors, diagnosis, and outcomes. These radiomic features include
1. the more traditional but limited features based on size and
shape;
2. descriptors of the relationship between image voxels (eg,
gray-level co-occurrence matrix (43) and run-length
matrix (44), among others;
3. descriptors of histograms of image intensity;
4. textures extracted from ﬁltered images; and
5. complex fractal features.
Texture-based radiomic features were useful in predicting
which patients with esophageal cancer would best respond to
therapy (45). Radiomic features have also been successfully used
to predict clinical outcomes and in predicting the risk of distant
metastases in lung cancer. For example, Coroller et al. (46) identiﬁed 35 radiomic features of lung cancers that were useful in
distinguishing patients at high risk of developing distant metastases. Historically, such texture features were analyzed with relatively standard statistical methods (including measures of the
mean and analysis of variance). Although these results have been
promising, DL algorithms have the potential to identify subtle
or complex patterns that may elude humans and conventional
statistical methods. Such texture features may be analyzed by a
DL algorithm, either in isolation or in conjunction with radiological and endoscopic datasets, and allow for identiﬁcation of
patterns not previously perceived.
SEGMENTATION
Segmentation of brain MRIs used to be a tedious task that
required a great deal of manual intervention. However, DL
algorithms have been highly effective at automatically segmenting brain anatomy (6,47). Furthermore, one study was
able to achieve accurate automatic organ segmentation with
CNNs with training based on only a single manually segmented image (48). Automated segmentation applications in
prostate imaging have also been successful (49). A representative example of a segmented chest image is shown in Figure 5.

Speech Recognition

DL algorithms are used in speech recognition in radiology, particularly in Europe and the United States. Before computer
speech recognition, human transcriptionists would transcribe
audio recordings of radiologist reports. However, human transcription of a report could take minutes to days, depending on
the setting. Computer speech recognition offered an efﬁcient
means of dictating studies in busy academic and private practice
settings. Speciﬁc algorithms using neural networks are utilized
for voice user interfaces, NLP, and speech-to-text transcription
for radiology reporting. Speech recognition software such as
Dragon (Nuance Communications, Burlington, MA) and
1477
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Figure 5. A representative example of chest and lung segmentation. (a) Original computed tomography image of the chest in lung windows.
(b) Region of the image corresponding to the lungs. (c) Segmented image with the chest wall and the mediastinum removed and the lungs isolated.

SpeechRite (Capterra, Arlington, VA) have been using ML
algorithms to develop successful voice recognition software to
aid the Radiologist. A recent study showed that using speech
recognition may result in decreased turnaround time from 35%
to over 90% (50). A variety of algorithms are currently used for
voice recognition; please refer to the review article by Deng and
Li (51) for a more comprehensive survey.

CURRENT LIMITATIONS
Although great promise has been shown with DL algorithms
in a variety of tasks across radiology and medicine as a whole,
these systems are far from perfect. Neural networks can be
“statistically impressive, but individually unreliable” and can
make mistakes that humans would not (52).
Reverse engineering of a DL system can allow someone to
subtly alter the input data in imperceptible ways. Researchers
were able to modify images in a way that is undetectable to
the human eye but renders a DL image classiﬁcation algorithm ineffective. Examples include mistakenly classifying a
ﬂagpole for a Labrador or a joystick for a Chihuahua (53).
Another example outside of medicine is a Twitter bot created
by a large technology company that utilized DL algorithms,
which was successfully manipulated by Internet users to
make offensive remarks (52).
A potential challenge is that consistent data for training are
needed, and this can create problems with annotated images.
With speciﬁc regard to radiology, problems exist with datasets, in that companies often want to protect their intellectual
property and keep the datasets proprietary (54).
Additionally, there may not be a consensus on proper
annotations for image review, diagnosis, and decision-making. Obtaining high-quality annotated datasets will remain a
challenge for DL. An additional challenge from a clinical
standpoint will be the time to test how well DL techniques
perform vs human radiologists. This challenge will require a
large study, time to perform the study, and a large cost for the
duration of the study. Another challenge could be the lack of
collaboration between physicians and ML scientists. The high
degree of complexity of human physiology will also be a
challenge for ML techniques.
1478

Another challenge is the requirements to validate a DL system for clinical implementation. Such a validation process
would likely require multi-institutional collaboration and
large datasets. The historical model for health care was for
health-care systems to practice with relatively little sharing of
large datasets. As health systems grow, larger datasets will
become available for DL training sets. Coupled with the
emergence of cloud health-care analytics, obtaining training
sets large enough for algorithm validation is becoming more
feasible technically.
Ethical and legal challenges revolve around who will take
responsibility for the images if DL and ML techniques perform
interpretation of studies. This can have legal ramiﬁcations for
lawsuits and ethical issues are raised as well. For example, if a DL
algorithm failed to identify a pulmonary nodule, would the
algorithm vendor or radiologist be responsible? Based on the
historic way CAD and diagnosis has been treated legally, it
would likely be the radiologist. However, this may change as
DL algorithms have greater independence and autonomy with
regard to medical image interpretation.

FUTURE APPLICATIONS
There are many potential future applications of DL in radiology in which practically every aspect of image interpretation
could see potential uses. Additionally, future applications
include worklist optimization to triage studies with lifethreatening ﬁndings to be read earlier by the radiologist (eg,
subdural hematoma, stroke, and aortic dissection) (54), NLP,
novel diagnostic applications, prognostication, automated
tracking of imaging ﬁndings, and automated preliminary
report generation.
Exploiting radiology report databases by using modern
information processing technologies may improve report
search and retrieval and help radiologists in diagnosis. Compared to search reports using keywords, NLP and natural language understanding provide a more efﬁcient way to
organize and retrieve relevant information hidden in the radiology reports (55).
Novel diagnostic applications are a possibility. For example, patients with schizophrenia can be distinguished from
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controls based on the connectivity of the anterior insula (56).
Additional applications include neurodegenerative disorders
such as Alzheimer disease (57,58).
Traditional prognostic risk assessment in patients undergoing
noninvasive imaging is based on a limited selection of clinical
and imaging ﬁndings. ML can consider a greater number and
complexity of variables. For example, it is feasible that ML can
predict 5-year all-cause mortality in patients undergoing coronary computed tomographic angiography (59).
Automatic tracking of tumor markers, such as maximum
standard uptake values and tumor size, can be imagined as a
future application of DL based on work showing that automated tumor volume segmentation is possible (60).
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CONCLUSION
24.

There has been a great amount of research within medicine
and especially radiology in regard to DL, which has shown
great promise. Perhaps DL algorithms can one day delve
deeper into unsupervised learning territory and show us patterns that humans are unable to perceive. Imagine utilizing
existing modalities in brand new ways, such as diagnosing
appendicitis on radiographs or predicting heart attack risk
based on an ultrasound. DL offers exciting opportunities for
radiologists to improve safety by providing more accurate
diagnoses, increasing efﬁciency by automating tasks, and
helping to generate data on imaging features that were not
previously used as diagnostic criteria.
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