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Abstract

OBJECTIVE.—The purpose of this article is to compare traditional versus machine learning—
based computer-aided detection (CAD) platforms in breast imaging with a focus on
mammography, to underscore limitations of traditional CAD, and to highlight potential solutions
in new CAD systems under development for the future.

CONCLUSION.—CAD development for breast imaging is undergoing a paradigm shift based on
vast improvement of computing power and rapid emergence of advanced deep learning algorithms,
heralding new systems that may hold real potential to improve clinical care.
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Traditional computer-aided detection (CAD) in mammography is familiar to breast
radiologists. Early concepts of using computers to automate detection of mammographic
abnormalities date back to the 1960s and were originally intended to help combat human
fatigue and error while optimizing the search for subtle cancers against a complex
background of breast tissue on mammograms [1]. The early version of CAD for
mammography was approved by the U.S. Food and Drug Administration in 1998 but was
not fully disseminated until 2002 when the use of CAD was approved for reimbursement by
the Centers for Medicare & Medicaid Services. This approval overlapped with the transition
from film-screen to digital mammography, particularly after the publication of the Digital
Mammographic Imaging Screening Trial in 2005 [2], and with the concurrent integration of
PACS into radiology, which together enabled the rapid adoption of CAD into
mammographic interpretation. CAD was used in 74% of all screening mammograms by

Address correspondence to Y. Gao (yiming.gao@nyulangone.org).



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Gao et al.

Page 2

2008 [3] and in 92% of all screening mammograms by 2016 [4]. It remains an integral part
of mammographic screening to date, despite questions about its efficacy in its current form.

CAD has taken on a broader meaning more recently, notably in the context of renewed
interest in artificial intelligence in medical imaging. There has been an abundance of
research in machine learning in the last decade and in deep learning (DL), a subtype of
machine learning, since 2012, which is made possible by advanced algorithms that are
powered by faster computers, greater storage capabilities, and availability of big data [5]. In
this setting, CAD research has expanded across modalities and beyond breast imaging, and
CAD may refer to any computer-assisted algorithm in diagnostic imaging using machine
learning. Research in the newer DL-based CAD platforms continues to focus on
mammography, which offers simple binary outcomes (cancer vs not cancer), leverages big
datasets (large number of screening examinations), and has maximum tangible clinical
impact (improved mortality). The new DL-based CAD platforms in mammography will
differ from the traditional CAD in important ways, with the potential to overcome the
limitations of its predecessor, and is expected to better enhance radiologist accuracy.

Computer-Aided Detection Versus Computer-Aided Diagnosis

There are two components to consider: computer-aided detection (CADe), which focuses on
detection, and computer-aided diagnosis (CADx), which focuses on classification.
Traditional CAD in mammography emphasizes detection of abnormalities, such as masses,
asymmetries, calcifications, and architectural distortions and is limited to CADe. The
computer uses recognition techniques based on manually crafted features tailored to specific
tasks to delineate and mark sites that appear distinct from normal structures in the breast [6]
(Fig. 1). The radiologist then decides whether these findings warrant a patient recall,
determining their clinical significance. Traditional CAD was intended to be a second reader
in the setting of double reading, which represents the standard of care in European countries
and was widely known to increase cancer detection and decrease recall rates, albeit doubling
the workload for radiologists and limiting cost-effectiveness [7]. Unlike the second
radiologist, however, CADe is beholden to the opinion of the primary radiologist, which, in
part, explains why it has been challenging to accurately assess the efficacy of the current
CAD system in place. CADx is therefore the natural next step, which aims to automate
classification of abnormalities. Although CADXx development began with CADe in the early
1990s [8-10], computer algorithms were limited at that time, and CADx technology was not
ready to enter the clinical sphere.

Compared with traditional CAD, the next-generation systems will provide both CADe and
CADX, and strive for a fully automated end-to-end process, thus better facilitating machine
learning [11-18]. The field has transformed since a few decades ago, now with convergence
of large computing resources and increased electronic access to data, making it possible to
train convolutional neural networks (CNNSs) not only to recognize abnormalities but also to
assess them on the basis of continuous learning via back-propagating corrective signals,
therefore enhancing performance in ways not previously possible. This learning of
multilayered artificial neural networks, also known as DL, is behind the early successes of
CAD systems currently under development for mammography [12-21] and offers the
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potential of improved outcomes over traditional approaches. The range of possible CADx
utility has also expanded beyond such tasks as lesion classification or risk stratification for
breast cancer now into the realms of radiomics (i.e., converting image pixels into minable
data) and radiogenomics (i.e., imaging data combined with genetic information), with the
ultimate goal being individualized prognostication and tailored therapy, to derive maximum
clinical value from imaging data [5].

Traditional Computer-Aided Detection

The use of traditional CAD in mammography has been controversial. Although early
findings were promising in smaller retrospective series and reader studies [22—-26], benefits
were not reproduced in larger population-based clinical trials once CAD was widely
implemented [27-29]. The original intent of early CAD systems was to catch subtle cancers
that radiologists might otherwise have missed. Indeed, in one early study using prior
mammograms as hindsight in known cases of cancer, CAD marked 86% (30/35) of missed
calcifications and 73% (58/80) of missed masses [22]. There was also evidence that CAD
may even be able to pick up signs of cancer yet imperceptible to the human eye in some
studies, where CAD marked 40-42% of mammographic findings retrospectively deemed
occult or nonspecific by the radiologist but that developed into cancers [25], potentially
accelerating cancer detection by up to 2-12 months [30]. Even so, these results have not
been borne out in the clinical environment, because the radiologist still determines the
significance of any given finding flagged by CAD, and if a finding is so subtle as to fall
below the threshold of human perception, it may be deemed a false-positive [31].
Nevertheless, early studies found CAD to be beneficial, performing as well as, if not better
than, double reading by two radiologists in larger trials from the United Kingdom [32, 33].
Although early CAD often did not identify all cancers the radiologist detected, it heightened
sensitivity for small subtle lesions easily missed by the radiologist, overall increasing
sensitivity but incurring decreased specificity [34].

To maximize the benefit of traditional CAD, one necessarily had to recall all CAD marked
lesions not otherwise seen by the radiologist. For example, in a large study using Breast
Cancer Surveillance Consortium data (429,345 mammograms in 222,135 women),
approximately 157 women would have to be recalled and 15 women would undergo biopsy
owing to CAD, to detect one additional cancer [28]. This is not possible in the clinical
setting, where the radiologist must practice within recommended American College of
Radiology benchmark parameters (cancer detection rate, = 2.5/1000; recall rate, 5-12%) to
avoid unacceptably high false-positives and unnecessary biopsies [35]. For this reason, the
extent to which early CAD was used to its full potential depended in no small part on the
skill and experience level of the radiologist. Although it added little to already seasoned
radiologists with high sensitivity, it helped less-experienced radiologists to a greater extent,
although it occasionally lulled others into a false sense of security, ultimately lowering their
accuracy [31, 36]. In highlighting subtle findings, traditional CAD also did not see all
lesions equally. Although early CAD had high sensitivity for microcalcifications (up to 99%)
[23], it performed less well with masses (75-89%) [23, 37, 38] and least well with
architectural distortions (38%) [39], the latter of which are most challenging to the
radiologist, therefore supporting the notion that CAD may be limited in meeting the clinical
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needs of radiologists [39, 40]. This is also consistent with later findings that CAD
preferentially increased the detection of in situ cancers (calcifications) and did not alter the
detection of invasive cancers (masses and architectural distortions) [27], thereby improving
early diagnosis but offering limited prospects for potential mortality benefit.

For all these reasons, later larger community-based studies could not reproduce the benefits
of CAD seen in earlier trials [27-29]. The largest of these studies from 2015 [27] compared
the performance of 271 radiologists across 66 facilities in the Breast Cancer Surveillance
Consortium, evaluating a total of over 600,000 mammograms with and without CAD and
adjusting for radiologist learning curve and patients’ age, race or ethnicity, breast density,
menopausal status, and time since prior mammogram, among other potential confounders,
and found no improvement in screening performance with CAD. With and without CAD, the
cancer detection rate (4.1/1000), sensitivity (85.3% vs 87.3%), and specificity (91.6% vs
91.4%) were unchanged. In a subset of 107 radiologists who interpreted both with and
without CAD, sensitivity was significantly lower when using CAD (83.3% with vs 89.6%
without) [27]. This echoed findings of a 2007 study [28] earlier in the CAD experience
(429,345 mammograms) that found no change in cancer detection rate with and without
CAD (4.2 vs 4.15 per 1000), a nonsignificant increase in sensitivity (84% vs 80.4%), but a
significant decrease in specificity (87.2% vs 90.2%), resulting in a nearly 20% increase in
the biopsy rate and lower overall accuracy (AUC, 0.871 vs 0.919). In addition, along with
the unchanged cancer detection rate, CAD-detected invasive cancers were not associated
with more favorable stage, size, or lymph node status [29]. In the end, the clinical
environment proved to be far more complex than the laboratory setting, and as found by the
large reader study arm of the Digital Mammographic Imaging Screening Trial, practicing
radiologists rarely altered their diagnostic decisions on the basis of the addition of CAD
[41].

Limitations

The clinical failings of early CAD resulted from several key technical limitations. Because
prior development of traditional CAD relied on limited computing resources (i.e., slower
central processing units and lack of parallel processing), trained on smaller datasets (i.e.,
limited availability of digital mammograms at the time of transition from film-screen
mammography), and used examinations with poor image quality (i.e., digitized films), the
resulting application was not as robust as it could have been. Insufficient computer
processing power also precluded CAD from fully functioning to assess multiple
mammographic views or integrate prior studies, thus further limiting its role in the clinical
setting [42]. Perhaps the truly missed opportunity is that, because traditional CAD is not
designed for continuous feedback and learning, it does not independently improve its
performance, despite amassing mammaographic cases over time. Improvement of traditional
CAD is possible but limited by periodic software upgrades, which are difficult to vet. The
most important limitation is that traditional CAD relies on human expertise as a reference
standard, which is not always a consistent surrogate to the ground truth (i.e., whether a
lesion is truly cancer). This expert-dependent feature design in early CAD comes with
inherent human bias, limiting its performance. On the other hand, machine-learning
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algorithms will similarly contain human bias if they are trained to replicate human decisions
[43, 44].

Redefining Computer-Aided Detection

New CAD platforms will differ from traditional CAD in several important ways (Table 1).
Recent approaches in developing CAD based on DL no longer require manual feature design
and minimize human interference. DL algorithms learn discerning features that are best
predictive of outcomes independently and may be able to identify novel features not
previously known [45]. The capacity for continuous feedback and learning will allow DL-
based CAD to improve over time. In theory, DL algorithms can be trained to pattern
recognize image data (pixel-related information), correlate it to tumor registry data (the
truth), and risk assess when it recognizes a similar pattern (predict likelihood of cancer).
Further feedback into the system of whether that prediction is correct (based on truth) will
improve its performance in the future. New CAD systems will thus eventually be able to
identify novel features associated with more relevant cancers by incorporating patient- and
tumor-level variables, that will extend beyond immediate human recognition [14, 46]. This
design has the potential to maximize the mortality benefit of breast cancer screening and to
address the issues of overdiagnosis and overtreatment.

This shift in CAD design is made possible by recent breakthroughs in computer technology,
data science, and algorithm development. The computer processing speed and memory have
increased exponentially, owing to faster graphics processing units and parallel processing.
By 1997, the IBM Deep Blue was already capable of evaluating 2 million chess positions
per second [47]. By 2011, the IBM Watson could process 500 gigabytes of information per
second, the equivalent of 1 million books [43, 48]. Powerful computing makes DL feasible,
but data are needed. It is no coincidence that DL gained success only more recently, as
digital health data (PACS and electronic medical records) became more readily available.
The Digital Mammography DREAM challenge in 2017 [49], which used crowd-sourcing
and distilled the three best designs from 1150 coders from around the world, yielded CAD
algorithms with high AUCs (up to 0.9), allowing a glimpse of what is possible and thus
catalyzing the field. The more recent move by the U.S. Food and Drug Administration in
June 2018 to reclassify medical image analyzers (i.e., CAD software) from class Il to class
Il devices, thereby reducing regulatory burdens and obviating premarket approval, reflects a
renewed optimism for CAD programs and anticipation of increasing numbers of artificial
intelligence-based submissions in the near future.

New Computer-Aided Detection Platforms

Just as traditional CAD systems based on manually hard-coded rules are outdated, more-
advanced CAD systems from the pre-DL era also had serious limitations. The shortcomings
of simpler machine-learning models, such as logistic regression or decision trees, lie in how
they arrive at the prediction. What these methods have in common is that, although the
decision process might be complex, they operate directly in the original space of features.
They do not learn any intermediate representations of the data. This implies that these
methods can work well only if the input features presented to them are very predictive to
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begin with. In some applications, where the input features indeed have a very well-defined
meaning, this is sufficient to achieve high accuracy; however, this is often not the case in
classifying medical images such as mammograms. Deep neural networks, on the other hand,
break up the task of classification into a sequence of easier learning subtasks. This allows
them to find a good representation for the data that is tailored to the final task.

A type of deep neural network particularly suitable to computer vision tasks is a CNN (also
known as “convnet”) [50-53]. CNNs have a special connectivity structure in their hidden
layers that is implemented by convolutional layers and pooling layers, making them largely
invariant to shifting, scaling, and rotation of input images. This means that CNNs are high-
fidelity systems resilient to small variations in the input image capable of producing
consistent final predictions. Another desirable property of CNNs is that the entire pipeline
from input to prediction can be expressed mathematically as one function. For this reason,
the parameters of CNNs can be conveniently optimized in a single training loop, greatly
accelerating the speed of new developments. This setup also allows the identification of
predictive features in the input, even though the original training data only had examination-
level labels. Research in this direction in medical imaging is still in its infancy, but some
work in natural images has been done using the same principle [54-57].

To illustrate the aforementioned concepts, we describe a deep convolutional network used
for BI-RADS classification in screening mammography as an example [19]. In this case, the
input to the network are four mammographic images displayed in standard views (left and
right craniocaudal and left and right mediolateral oblique) (Fig. 2). Each image is first
processed independently in a series of convolutional and pooling layers (Fig. 3), then
information from all views is concatenated, transformed with one fully connected layer, and
finally, this joint representation of the four input images is fed to a simple classification
layer, which ultimately produces a prediction. Because the final prediction of this network is
a differentiable function of the input images, we can identify the input pixels whose changes
influence the change in the confidence of the network the most. This is illustrated in two
example cases (Fig. 4). The new CAD platforms under development will build on similar
algorithms and concepts and increasingly integrate non—pixel-related factors, such as patient
level, tumor level, and population level information.

New Challenges

Developing new DL-based CAD systems is not without challenges. DL requires large
databases, which can be costly to compile. As opposed to supervised learning (where image
labeling can be labor intensive), unsupervised learning (where the machine must discern
intrinsic variables based on unlabeled images) requires high-quality raw data to maximize
yield; thus, full-resolution mammaographic images, which generate huge data files and
storage requirements, are preferred. Techniques such as transfer learning and data
augmentation have been used to tailor needs for training data [45]; however, validation and
testing datasets currently lack standardization, which makes replicating published results and
comparing algorithms difficult [18]. This is also hampered by the limited ability to share and
pool data across institutions because of patient privacy considerations mandated by HIPAA,
which pertain both to imaging data and clinical data. The benefit of open science shown
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through the success of the DREAM Challenge underscores the importance of curating large,
anonymized, high-quality, sharable, and generalizable datasets [58].

An important pitfall in training deep neural networks is overfitting, which refers to when a
model learns idiosyncratic variations of a training dataset, but does not grasp the broadly
predictive features of a given problem. This will be manifest as good performance on the
training set, but poor performance on testing or validation sets, and is liable to happen when
an algorithm is excessively complex relative to the amount of data available [59]. Current
DL algorithms typically comprise 30-150 layers, and the complex inner workings of how
results are derived are not always apparent, hence the term “black box” [45]. Methods to
assess learned parameters within a neural network and to understand its method are needed
to provide transparency and accountability [5]. Challenges such as regulatory and medi-
colegal considerations, as well as patient privacy and data security, will increasingly play out
as DL approaches technical maturity to enter clinical care and will require a unifying vision
and oversight by agencies such as the U.S. Food and Drug Administration and the American
College of Radiology Data Science Institute [60].

Clinical Applications

The clinical applications of new CAD systems will depend both on performance and
implementation. It is likely that future CAD will be implemented both for screening and
diagnostic imaging. Although current research emphasizes the development of task-specific
tools, careful evaluation of how to best integrate these tools will be needed. We have learned
from traditional CAD that a better understanding of radiologist-computer interaction is
essential to allow meaningful artificial intelligence assistance. The current status quo of
CAD in screening must be disrupted to overcome similar prior challenges. Experts have
proposed moving away from automatic CAD overlays, making CAD more interactive and
on-demand only when help is needed, possibly flagging cases only when there is a missed
finding that CAD deems highly probable to be abnormal, making CAD more evidence-based
to provide similar cases with known outcomes and making CAD more personalized and
providing radiologists with individual feedback [61]. Ultimately, whether it is possible to
rebuild confidence in CAD will depend on successful integration of DL algorithms into real-
life clinical workflow.

DL-based CAD systems under development have shown highly promising results in
preliminary testing (AUC, ~ 0.9) [12-21] (Table 2), with work being done in full-field
digital mammography (FFDM), digital breast tomosynthesis (DBT), and contrast-enhanced
mammography. However, careful validation on large population-based datasets is required.
In FFDM, current DL-based CAD systems focus on both cancer detection and tissue
quantification. For example, a new CAD system developed to detect and classify malignant
versus benign masses and calcifications based on a faster regional CNN trained on the public
Digital Database for Screening Mammaography performed extremely well when applied to
the public INbreast database [12]. Another new CAD system to detect and classify masses
and architectural distortions based on an OxfordNetlike CNN trained on the Digital
Database for Screening Mammography, integrating not only local information but also
context, symmetry, and relationship between two views of the same breast, significantly
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outperformed traditional CAD, particularly in achieving higher specificity [18]. While some
newly proposed CAD schemes improve on prior machine weaknesses, such as detection of
architectural distortion (e.g., a bidimensional empirical mode decomposition—based system)
[62], other frameworks (e.g., an ROI-based CNN called YOLO [You Only Look Once])
tackle human blind spots such as dense regions or posterior locations [13]. Perhaps most
important, work is being done to develop DL-based CAD systems that can directly comment
on clinical outcomes. A recently proposed CAD scheme suggests that novel quantitative
image markers based on false-positive mammograms could predict short-term breast cancer
risk [63]. Other DL-based CAD systems focus on risk assessment. Breast density on
mammography, for example, is an established risk marker but is often inconsistently
categorized by radiologists. Not only are CNNs performing comparably to human readers in
breast density classification [64], they may also enhance clinical assessment of the most
difficult-to-distinguish breast density categories (i.e., scattered vs heterogeneously dense)
[65]. Further application of DL-based CAD in personalized breast cancer risk assessment is
also being explored [66].

New CAD systems for DBT have a slightly different focus. As synthetic mammograms
increasingly replace 2D FFDM images in combination analysis, CAD software programs
have been updated to work with synthetic images from vendors such as Hologic (C-view)
and GE (V-preview), although these are not DL-based systems. Work on DL-based CAD-
enhanced synthetic mammaography is emerging, which accentuates relevant abnormal
findings and increases diagnostic accuracy [67]. In addition, rapid integration of DBT into
clinical practice has created greater time and concentration demands on the radiologist, who
is increasingly prone to fatigue and error [68]. New CAD systems for DBT have reported
23.5-29.2% reduction in reading time with noninferior radiologist performance [69-71].
Because DBT is a relatively new technology, data availability is limited for training neural
networks, but work is being done to possibly circumvent this limitation by using FFDM
studies to enrich training with some success [72]. Finally, DL-based CAD is also being
developed in contrast-enhanced digital mammography as a natural extension of work in
mammaography, capitalizing on advantages of functional imaging using contrast
enhancement, with studies showing new CAD significantly outperforming traditional CAD
and improving specificity as compared with human readers [73, 74].

Conclusion

The field of breast imaging has again found itself at the cutting edge of CAD development in
the age of renewed interest in artificial intelligence. DL has profoundly transformed our
approach to computer-aided imaging analysis, distinguishing it fundamentally from
traditional CAD methods. Where traditional CAD in mammaography fell short, new CAD
platforms have great potential to succeed. However, careful and rigorous training, validation,
and testing on external datasets and large population-based datasets are necessary to ensure
clinical success of these programs. Although machine-learning based platforms will face
unique challenges ahead, as well as the same challenges encountered by traditional CAD in
clinical implementation, they present an unprecedented opportunity to better derive clinical
value from imaging data and will certainly reshape the way we care for our patients.
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Fig. 1—.

46-year-old woman with heterogeneously dense breast tissue. A and B, Digital
mammograms of left breast in mediolateral oblique (A) and craniocaudal (B) views show
traditional computer-aided detection markings highlighting masses in asterisks (so/id
arrows) and calcifications in triangles (dashed arrows).
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Classification layer

Fully connected layer

DCN ‘ ‘ DCN ‘ ‘ DCN | ‘ DCN

| |
| |
‘ Concatenation ‘
| |
| |

L-CC ‘ ’ R-CC ‘ ’ L-MLO | ’ R-MLO

Fig. 2—.

Ogerview of multiview deep convolutional network (DCN) [19]. DCN refers to series of
convolutional and pooling layers applied separately to each mammaographic view. It is
described in detail in Figure 3. Arrow indicates direction of information flow. L = left, R =
right, CC = craniocaudal, MLO = mediolateral oblique.
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| Layer || Kemelsize || stride || No. of feature maps|| Repetition |
| Global average pooling I 256 |
[convotution  [[ 3x3 [ 1x1]| 256 [ xs |
| Maximum pooling || 2x2 [[ 2x2 || 128 |
[convotution || 3x3 [ 1x1]| 128 | xs |
| Maximum pooling || 2x2 || 2x2 || 128 |
[convolution || 3x3 [ 1x1]| 128 | xs |
| Maximum pooling || 2x2 [| 2x2 || 64 |
[convolution || 3x3 [ 1x1]| 64 [ 2 |
[convotution || 3x3 [| 2x2 ]| 64 |
| Maximum pooling || 3x3 [| 3x3 || 32 |
|convolution || 3x3 [| 2x2 || 32 |

Fig. 3—.

Dgscription of subnetwork processing single view. It transforms one mammographic view
into fixed size vector that can be concatenated with other vectors for remaining views. For
convolutional layers, kernel size denotes size of pattern that layer is extracting. For pooling
layers, it denotes size of area over which average or maximum is computed. Stride denotes
what is space between applications of convolution or pooling. Number of feature maps
indicates how many different patterns network is extracting within each layer. Global
average pooling is also type of pooling layer but it acts on entire image. Its purpose is to
reduce size of feature maps into single vector.
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Fig. 4—.

E)?amples of visualization of decisions made by network. A and B, 42-year-old woman (Bl-
RADS category 0, A) and 51-year-old woman (BI-RADS category 2, B). Both left-hand
images show breast with possible suspicious findings (red arrows, A; blue arrows, B). Both
right-hand images are corresponding images of same breast with regions of images
(highlighted in red) that influence confidence of predictions of neural network. Dashed lines
in B denote scar markers overlying left breast.

AJR Am J Roentgenol. Author manuscript; available in PMC 2019 December 23.



Page 17

Gao etal.

“ewouldsed

[e10Np dAISeAUl = D] ‘NIIS Ul BLIOUIDIRD [e1oNp = 1D ‘Hun Buissaooid soiydelb = NdO ‘Nun Buissasold [eusd = NdD ‘sisoubelp papie-1aindwod = XQyD ‘Uo119a1ep papre-1aindwod = agyd—-aloN

Author Manuscript

sanoidwi pue sules Buiures) Jo >oeqpas) oN

juapuadapul 1s16ojoipey juapuadap 1s160j01pRY |enusiod
$190UBD SAISEAUI 2JOW 10319p AN 2dal ueyl alow S| s1v81ed

panwiun Ajjenusiod panwi | Aupan [eawnd
ejep |eubip Buisealou| ejep [eubip panwi

abeiols abie| ‘'sNdo 1se4 abeiols pajwi| ‘sndd Mo|s Aioeded

(saJnyeay [aAOU pue UMOUY]) SYI0MIBU [einau daaq | (Seinieay umouy) ubisap ainjesy [enuey WSIuBY23N
Xavo snid savo aavo

auoje-puels Japeal puodas uonouny

awvD psseg-13 a4nnd av [euonipell d|qelten

sSwasAs (@yD) uondsiaq papiv-1indwo) paseg—(1qQ) Bulutes-dea@ pue jeuonipel] Jo uostiedwo)
-1 31gvl

Author Manuscript Author Manuscript Author Manuscript

AJR Am J Roentgenol. Author manuscript; available in PMC 2019 December 23.



Page 18

Gao etal.

"19sereq AydelBowwel vIgazZ = SANZ ‘eseqeiep A18190S sisAjeuy abew| olydelbowwe = SN ‘Alonisoday [e1biq Jeoue) iseald = QD9 ‘0G YI0MIBN [enpisay = 0G 18NSy ‘dnoio
Answoa9 [ensiA = 99A ‘Aydesbowwely Buiuaaios 1oy aseqereq [eNbid = INSAQ YJ0MIBU [einau [euonnjoAuod Jeuoibal = NNO-Y ‘AydesBowweln ul Jexeworg Buibew| usalip-e1eq = OIN-91d—>310N

1sealqN| JaNX8|V SoueIsuIlNN [te] re18 nyz

Wsaa 18Ns8y [oz] ‘e 18 sem07

[euonnsuj OO MIIANINIA [6T] 1e 18 seion

Wsaa 99A [81] ‘e 18 1003

SAWZ ‘Wsada € uoisian uondaau [27]1e 10 auea).

SVIN € UOISIBA co_awuc_

d4Qaog 1sesian| ‘INSada 0513NsaY ‘99 | [91] '[e 30 peabnoyd

Nsaa 30UQ %007 AlUO NoA | [€T]'1e 18 1useN-Iv

1seaIgN| ‘INSAd NNO-Y Joiseq [et] ‘le3e nary

[euonmnSUIBINA on-aIa [ST] " 38 Wiy
seseqeled 3J0MIBN [eAnapN JeuolinjoAuo) daaqg ERIIETETENS|

SaW09INQ pue AydeiBowwielA Jo) SyIo0MaWeRI4 QD Paseg—340MIsN [ednaN [euonnjoauc) deaq bBulbiswg

¢ 314avl

Author Manuscript Author Manuscript Author Manuscript

Author Manuscript

AJR Am J Roentgenol. Author manuscript; available in PMC 2019 December 23.



	Abstract
	Computer-Aided Detection Versus Computer-Aided Diagnosis
	Traditional Computer-Aided Detection
	Technical Limitations
	Redefining Computer-Aided Detection
	New Computer-Aided Detection Platforms
	New Challenges
	Clinical Applications
	Conclusion
	References
	Fig. 1—
	Fig. 2—
	Fig. 3—
	Fig. 4—
	TABLE 1:
	TABLE 2:

