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Abstract

A systematic review was conducted in line with the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses protocol to evaluate the diagnostic accuracy of artificial intelligence (AI) in ductal carci-
noma in situ. Four databases were searched for articles up to December 2022: Embase, PubMed, Scopus,
and Web of Science. 23 studies were included, and a search of grey literature was not performed. The
following parameters were extracted: the accuracy, sensitivity, specificity, positive predictive value, and
negative predictive value of each study. Statistical analysis of the included studies revealed that Al-assisted
histopathological analysis is of high accuracy (83.78%), sensitivity (83.88%), and specificity (85.49%) and
has a high positive predictive value (89.43%). Our results also reported that convolutional neural network
(CNN) is the most commonly used mode of machine learning—21 models used only CNN, whereas 2
models used only support vector machines (SVM). On an average, CNN reported slightly higher accuracy
and sensitivity (86.71% and 85.22%, respectively) than SVM (accuracy, 85.00%; sensitivity, 70.00%).
When the 2 methods were combined, a mean accuracy of 82.52% and a mean sensitivity of 83.00% were
achieved. The use of Al as a diagnostic adjunct can markedly improve the accuracy and efficiency of DCIS
diagnosis and can, therefore, reduce pathologists’ workload.

© 2023 THE AUTHORS. Published by Elsevier Inc on behalf of Mayo Foundation for Medical Education and Research. This is an open access article under
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s of late 2020, 7.8 million women
A worldwide are diagnosed with breast
cancer, making it the world’s most
prevalent cancer among women and the sec-
ond most common cancer overall." Tt also re-
mains the second leading cause of cancer-
related deaths worldwide.' Alongside corre-
lating clinical and radiological findings, the
gold standard of diagnosis is histopathologic
confirmation, which not only guides treatment
options but is also a strong predicting tool.
The World Health Organization (WHO)
classifies ductal carcinoma in situ (DCIS) as a
precursor breast lesion” that is characterized
by the proliferation of neoplastic epithelial
cells confined to the mammary ductal system
and shows no evidence of invasion into the
surrounding  stroma.” Conversely, atypical
ductal hyperplasia (ADH) of the breast de-
scribes a proliferation of epithelial cells that
is neither qualitatively nor quantitatively

abnormal enough to be labeled as carcinoma
in situ but is, nonetheless, considered at risk
of progression to advanced neoplasia.” To
differentiate it from DCIS, ADH is arbitrarily
defined as a proliferation of well-defined,
monomorphic epithelial cells that measures
<2 mm or occupies fewer than 2 separate
ducts.’

Therefore, pathologists are faced with the
problem of DCIS and ADH sharing near iden-
tical histopathological features—size and
space involvement are the only differentiating
factors. Manual interpretation of specimens
categorized under either of the 2 is both prone
to marked interobserver variability”’ —risking
underdiagnosis  and  overdiagnosis—and
incredibly labor intensive.

Moreover, retrospective studies have
shown that most women diagnosed with
ADH using biopsy do not advance to DCIS
or aggressive carcinoma at the moment of
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FIGURE. Preferred Reporting ltems for Systematic Reviews and Meta-Analyses flow diagram.
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surgical excision.® However, excision and
adjuvant radiotherapy remain the standard
treatment. Arguably, such an approach results
in overtreatment and submitting patients to
excessive morbidity.” In response, there has
been a recent upsurge in proposals to use arti-
ficial intelligence (AI) for a more accurate his-
tological ~ diagnosis of breast lesions.
Substantial research'” has reported the superi-
ority of machine learning in classifying breast
histopathological images, with a large Leba-
nese study' ' reporting that of 128 ADH cases,
surgical resection could have been avoided in
16%. With such encouraging evidence, Al
has the potential to become an unparalleled
adjunct for identifying patients with pure
ADH, who can then be safely observed in
liew of receiving aggressive  surgical
intervention.

Two main modes of machine learning are
currently used: convolutional neural networks
(CNNs) and support vector machines (SVMs).
CNNs originated in the 1980s as a type of
deep learning that operates through multiple
layers of a neural network to recognize pat-
terns.'” This detailed pattern recognition

allows CNNs to efficiently classify complex
characteristics of images independently of
any knowledge provided by the user. There-
fore, CNNs have become popular in medical
imaging classification, particularly in the iden-
tification of benign and malignant pathologies.

On the contrary, SVMs discern a hyper-
plane to separate data points into 2 classifica-
tion sets. Through this method, SVMs can
identify planes in higher dimensions (depend-
ing on the input parameters), and nonlinear
components (polynomial, exponential, and
Gaussian) can be integrated to find the most
appropriate hyperplane.'’

Both CNNs and SVMs have distinct advan-
tages and limitations. CNNs are superior in
complexity because they can process unlim-
ited layers, whereas SVMs are limited by the
number of inputs.'* SVMs also require manual
feature extraction, whereas CNN extraction
occurs automatically and, therefore, requires
less user manipulation. However, CNNs
require more computational power and time-
—an important limitation in the development
of a fast and versatile diagnostic tool."” To
circumvent this, combinations of CNN and
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TABLE 1. Studies Included in Analysis

No.

Author, year

Title

Country

Elmannai et al,*® 2021

Mi et al,*” 2021

Narayanan et al*' 2021

Poldnia et al,*' 2021

Sato et al, ™ 2021

Carvalho et al,”* 2020

Sheikh et al** 2020

Wang et al,”’ 2020

Wu et al,*® 2020

Yu et al," 2020

Mercan et al*® 2019

Mittal et al,’® 2019

Roy et al,” 2019

Yang et al”® 2019

Yao et al*? 2019

Fonddn et al”® 2019

Gecer et aI,26 2018

Vo etal” 2018

Deep leaming models combining for breast
cancer histopathology image classification

Deep learmning-based multi-class classification
of breast digital pathology images

Unmasking the immune microecology of
ductal carcinoma in situ with deep leaming

Artificial intelligence improves the accuracy in
histologic classification of breast lesions

Machine learing-based image analysis for
accelerating the diagnosis of complicated
preneoplastic and neoplastic ductal lesions
in breast biopsy tissues

Breast cancer diagnosis from histopathological
images using textural features and CBIR

Histopathological classification of breast cancer
images using a multi-scale input and multi-
feature network

Breast cancer image classification via multi-
network features and dual-network
orthogonal low-rank leaming

MLCD: a unified software package for cancer
diagnosis

A transfer leaming-based novel fusion
convolutional neural network for breast
cancer histology classification

Assessment of machine leaming of breast
pathology structures for automated
differentiation of breast cancer and high-risk
proliferative lesions

Digital assessment of stained breast tissue
images for comprehensive tumor and
microenvironment analysis

Path-cased system for classification of breast
histology images using deep leamning

EMS-Net: ensemble of multiscale
convolutional neural networks for
classification of breast cancer histology
images

Parallel structure deep neural network using
CNN and RNN with an attention
mechanism for breast cancer histology
image classification

Automatic classification of tissue malignancy
for breast carcinoma diagnosis

Detection and classification of cancer in whole
slide breast histopathology images using
deep convolutional networks

Classification of breast cancer histology images
using incremental boosting convolution
networks

Saudi Arabia

China

UK

Portugal

Japan

Brazil

South Korea

China

USA

China

USA

USA

India

China

China

Portugal

USA

South Korea
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TABLE 1. Continued

No. Author, year Title Country
19 Aratjo et al,'” 2017 Classification of breast cancer histology images USA
using convolutional neural networks
20 Bejnordi et aI,22 2017 Context-aware stacked convolutional neural Netherlands
networks for classification of breast
carcinomas in whole-slide histopathology
images
21 Radiya-Dixit et al,”* 2017 Automated classification of benign and UK
malignant proliferated breast lesions
22 Yamada et al,”’ 2016 Quantitative nucleic features are effective for Japan
discrimination of intraductal proliferated
lesions of the breast
23 Hwang et al,”’ 2005 Multi-resolution wavelet-transformed image South Korea

analysis of histological sections of breast
carcinomas

CBIR, content-based image retrieval; CNN, convolutional neural network; MLCD, Machine Learning Package for Cancer Diagnosis; RNN,
recurrent neural network; UK, United Kingdom; USA, United States of America.

SVM techniques—along with other machine
learning modes—have been developed to opti-
mize complexity and computing time.
Although the advent of Al-assisted histo-
logic diagnosis is relatively recent, a prelimi-
nary model for analyzing breast images was
described in as early as 1988 by the Informa-
tion Technology Institute at Brighton Poly-
technic.'® By 1991, Dawson et al'’
developed a Bayesian neural network model
to recognize low-grade breast lesions with an
accuracy of ~70%. Although these early
studies were limited to the realm of academic
research, deep learning models are now
capable of analyzing a wide array of character-
istics important in the clinical setting: identifi-
cation of the primary tumor,'® histopathologic
grading,'” and even prognosis prediction
based on morphological features.”” Therefore,
this systematic review aimed to determine the
accuracy and advantages of Al-assisted diag-
nosis in comparison with traditional patholog-
ical evaluation in the diagnosis of breast DCIS.

MATERIALS AND METHODS

Using the Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analyses proto-
col”! 4 electronic databases were searched
up to December 2022: PubMed, Embase, Sco-
pus, and Web of Science (Figure). The search
terms used were as follows: (artificial intelli-
gence OR machine learning OR deep learning

OR cognitive neural network OR convolu-
tional neural network OR artificial neural
network) AND (ductal carcinoma in situ OR
noninfiltrating intraductal carcinoma OR
breast carcinoma in situ) AND (pathology
OR histology). This systematic review was
not registered, but the protocol can be found
at the Depository of the Center of Education
and Training, University of Hong Kong.

Our inclusion criteria were as follows: (1)
published in English, (2) retrospective and
prospective studies and randomized controlled
trials in peer-reviewed journals, and (3)
studies on the histopathologic diagnosis of
DCIS. Conversely, the following were the
exclusion criteria: (1) narrative studies, confer-
ence papers, editorials, and book chapters; (2)
studies not related to Al or deep learning; (3)
studies on imaging or laboratory markers; (4)
studies on only invasive breast cancer; (5)
studies on the prognosis of DCIS; and (6)
studies on neoadjuvant therapy.

The titles and abstracts of each study were
independently screened by 2 reviewers against
the inclusion and exclusion criteria. Discrep-
ancies between the reviewers’ decisions were
resolved by discussion. The full texts of the
eligible studies were then sourced and their de-
tails extracted and organized on Google Sheets
by the reviewers responsible for each study.
Nine full texts were irretrievable. Studies with
insufficient data  specific to DCIS or
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TABLE 2. Summary of Results

Test Comparison (no. of Accuracy  Sensitivity  Specificity PPV NPV
Study Model(s) images pathologists) (%) (%) (%) (%) (%)
Elmannai et al,"® 2021 DCNN 80 2 95.00 99.16 99.17
Narayanan et al,"' CNN 178 [ 77.00 9800 7680 9850
2021

Mi et al,”’ 2021 DCNN and XGBoost 33 5 9043 8445 90.32
Poldnia et al,”' 2021 CNN 100 2 87.00
Sato et al,"* 2021 CNN 222 6 90.80 9530 9340
Carvalho et al,”* 2020 SVM 60 2 95.00
Sheikh et al”* 2020  CNN 8309 [ 83.00 9000 9000
Wang et al”/ 2020  DCNN 40 2 97.70 9772 9792
Wu et al’® (2020)  CNN and SVM 240 [ 63.00
Yu et al,™ 2020 FCNN 36 5351

FCNN 7779
Mercan et al”® 2019 CNN 240 3 70.00 85.00 45.00
Mittal et al,”® 2021  CNN (ResNet50) 100 [ 98.74

CNN (VGGI9) 96.14

CNN 9493

(InceptionResNetV2)

Roy et al,”* 2019 CNN 40 87.00 85.00 80.68

CNN 100.00 9090
Yang et al,’? 2019 EMS-Net 100 91.75
Yao et al,*” 2019 CNN and RNN 1455 2 92.00
Fondén et al”® 2018  Quadratic SVM 156 [ 75.00 70.00
Gecer et al’® 2018 DCNN 76 3 88.00
Vo et al,” 2018 DCNN 36 88.90
Aratijo et al,"” CNN 36 2 66.70 7775

CNN and SVM 65.00 81.15
Bejnordi et al”” 2017 CNN 221 81.30
Radiya-Dixit et al,”>  CNN 100 85.00

2017

Yamada et al,”’ 2016 SVM and LDA 200 55.00
Hwang et al,”” 2005  BPNN and SAS 90 96.67

BPNN, backpropagation neural network; CNN, convolutional neural network; DCNN, deep convolutional neural network; FCNN, fusion convolutional neural network;

LDA,; SAS,; SVM, support vector machine; VGGI9,.

histopathology were removed (13 reported
insufficient data on the former and 1 on the
latter). One study did not compare Al with hu-
man pathologists and was also removed. All but
1 study used hematoxylin and eosin (H&E)
staining; hence, that study was excluded to
minimize discrepancies. For the final 23
included studies, the details extracted were as
follows: (1) study characteristics (country,
study type, Al type, sample type and size,
and statistical method) and (2) accuracy, sensi-
tivity, specificity, positive predictive value
(PPV), and negative predictive value (NPV).

Then, the mean accuracy, sensitivity, spec-
ificity, PPV, and NPV were calculated using
Google Sheets to attain our results.

RESULTS

A total of 29 Al models were evaluated in the
23 included studies (Tables 1 and 2). Of these,
21 Al models were reported by 18 studies to
have a high mean accuracy of 83.78% (range,
55.00%-98.74%; 95% confidence interval
(CI), 81.00%-86.56%) in the identification of
DCIS in specimens stained with H&E.'***”
Fifteen models were reported by 12 studies
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to have a high mean sensitivity of 83.88%
(range, 53.51%-100.00%; 95% CI, 80.82%-
86.04%),12:2728.29.33344045  pive’ podels
from 5 studies reported a mean specificity of
85.49% (range, 45.00%-99.17%; 95% CI,
75.45-95.54).”%*79% Seven models from 6
studies reported a mean PPV of 89.43%
(range, 76.80%-97.92%; 95% CI, 86.52%-
92.34%).” 7772 * % Finally, 1 model re-
ported an NPV of 98.50%."'

The most common Al type was CNN and
its variations (25 of the 29 models), used
either on its own (21 models) or in combina-
tion with other Al types (4 models). The CNN
variations included deep CNN (DCNN),
fusion CNN (FCNN), and EMS-Net. The sec-
ond most common Al type was SVM (5
models), which was also used alone (2
models) and in combination with CNN (3
models). The remaining models (which were
excluded from our pooled analysis) included
recurrent neural networks, backpropagation
neural networks , and XGBoost.

When used alone, CNN and its modifica-
tions reported a mean accuracy of 86.71%
(13 data points; range, 66.70%-98.74%; 95%
CI, 84.02%-89.40%), a mean sensitivity of
85.22% (12 data points; range, 53.51%-
100.00%; 95% CI, 81.58%-88.86%), a mean
specificity of 85.49% (5 data points; range,
45.00%-99.17%; 95% CI, 75.45%-95.54%),
a mean PPV of 87.94% (5 data points; range,
76.80%-97.92%; 95% CI, 84.05%-91.83%),
and an NPV of 9850% (1 data
poing),12:22:20,28,30-35,38-43

In comparison, SVM alone reported a
slightly lower mean accuracy of 85.00% (2
data points; range, 75.00%-95.00%), a lower
sensitivity of 70.00% (1 data point), and a
higher PPV of 96.00% (1 data point).

Six models combined 2 different Al types
and reported the lowest mean accuracy of
82.52% (6 data points; range, 63.00%-
96.67%; 95% CI, 76.66%-88.37%), a mean
sensitivity of 83.00% (2 data points; range,
81.15%-84.85%), and a PPV of 90.32% (1
data point),12:28:29.36-38

DISCUSSION

Methodology
Although reviews on the use of Al in breast
histopathology =~ have  been  published

previously, no systematic review particularly
on DCIS and ADH has been conducted.
Therefore, this review aimed to provide fresh
insight into this clinically pertinent area. We
used stringent inclusion and exclusion criteria
and adhered to the Preferred Reporting Items
for Systematic Reviews and Meta-Analyses
protocol. Four databases were searched, which
provided a broad range of studies that allowed
for a comprehensive analysis of Al-assisted
DCIS diagnosis. Of the included studies,
most were published in the past 5 years, mak-
ing our review highly relevant to the most
recent advancements in Al biotechnology.
However, a limitation is the inclusion of
only studies written in or translated to English;
therefore, relevant studies from institutions
publishing in other languages may have been
excluded. In addition, given the rapid devel-
opment of Al technologies, by the time of
publication, there may have been important
new studies that were not able to be included.

Evaluation of the Included Studies
Of the 23 included studies, 16 had patholo-
gists’ diagnoses as the gold standard against
which the accuracy, sensitivity, specificity,
PPV, and NPV of the Al models were deter-
mined. Among these 16 studies, the numbers
of pathologists ranged considerably from 1 to
6; 7 studies had only 1 pathologist. Given
the significant interobserver variability in the
histopathological diagnosis of DCIS (a study””
found an agreement rate of only 75.3% be-
tween 115 pathologists), this may limit the
validity of those studies. One included study”*
calculated the accuracy of an additional group
of pathologists and compared their diagnoses
with the reference data, allowing for a more
direct comparison between the performance
of pathologists and that of the AT models.
There was also considerable variability in
the validation and testing processes of each
Al model—each study had an arbitrary num-
ber of samples against which the model was
verified, and a wide range of statistical models
were used. Moreover, most of our included
studies used the same data sets to test and
train their Al systems, the images of which
may not be sufficiently representative of the
full scope that pathologists may encounter in
the clinical setting.
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Furthermore, CNN and SVM are merely
umbrella categories; each study developed its
own variation to diagnose DCIS—they may
differ markedly in their image processing
methods, their mechanisms for identifying
and extracting the region of interest, and the
specific algorithm used to classify the images.
Therefore, our pooled results should only be
referred to as an estimation of the general per-
formance of the evaluated Al models. Beyond
CNN and SVM, there were insufficient studies
to conduct a pooled analysis of numerous
other Al techniques.

All 23 studies also diagnosed histology
slides in isolation from their clinical and radio-
logical contexts. Therefore, their applicability
in the clinical setting—in which triple assess-
ment remains the standard diagnostic proc-
ess—is yet to be confirmed. Among the
screened studies, tissue staining and storage
methods also differed—all but 1 used H&E
staining. Hence, we excluded the single study
that used p63 staining to minimize discrepan-
cies—whether the type of stain affects Al-
assisted diagnosis may be explored in future
studies. Regarding tissue storage, most of the
screened studies used samples stored in
paraffin; similarly, we excluded studies that
used other storage methods. Finally, because
all included studies reported favorable results
and because many developed the Al models
evaluated in the studies, publication bias
may be a concern.

Factors Contributing to the Higher Accuracy
in the Studies Using CNNs
In analyzing the studies that produced the
highest diagnostic accuracies, we identified 2
main contributing factors. First, attention
mechanisms, which combine image features
extracted from different types of Al models,
improve Al performance when added to the
Al architecture.”” Although our review found
combined models to have a lower mean accu-
racy than CNN alone, Yao et al”” reported that
attention mechanisms with a more extensive
array of Al methods (the study included
CNNs, recurrent neural networks, switchable
normalization, and targeted dropouts) can
achieve an excellent overall accuracy of
98.30%.

The second factor was the use of image
patches of different scales, which mimics

pathologists’ inspection of histology slides un-
der different levels of magnification, allowing
for a better analysis of structural and textural
information.

Accuracy of SVMs

Of importance, although CNNs reported a
slightly higher mean accuracy, Carvalho
et al”’ developed an SVM with an exceptional
accuracy of 95%, which may be attributed to
its addition of a phylogenetic diversity index
for extracting histological features. The
excluded study that used p63 staining
mentioned earlier”” also operated an SVM—it
highlighted the importance of detecting subtle
morphological changes in the myoepithelial
cells for the accurate diagnosis of DCIS, sug-
gesting that, by selecting such pertinent fea-
tures and with the aid of extraction
algorithms, SVMs can achieve accuracies com-
parable with those of CNNs but using far less
computational time and power.

Implications

Our review has shown that the use of Al in
diagnosing DCIS has high accuracy and can,
therefore, assist pathologists in considerably
quickening the process of pathological evalua-
tion. However, as in most research on new and
evolving technology, publication bias is a
concern. In addition, Al is a rapidly evolving
field, and the diagnostic accuracy of Al
changes rapidly with time. Nevertheless, our
systematic review based on the best available
evidence from the literature has suggested
promising diagnostic accuracy with Al for his-
topathologic diagnosis of DCIS. In fact, the
2021 study by Polonia et al’' found that
when pathologists were aided by Al, the diag-
nostic accuracy for DCIS was higher than
when pathologists or Al alone examined breast
lesions. Therefore, Al as an adjunct can be a
powerful tool for overcoming interobserver
variability.

However, published studies have only
examined the pathological applications of Al
in isolation from the clinical and radiologic as-
pects of triple assessment. They have also not
considered the cost-effectiveness of imple-
menting Al For Al to be clinically useful, it
must prove that its costs would not be inordi-
nately higher than current practices.
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Although a presiding reason for the use of
Al is its greater diagnostic accuracy, problems
may still arise from diagnostic errors, which
can lead to undertreatment or overtreatment.
Therefore, it would be important for patholo-
gists to act as gatekeepers and for multidisci-
plinary teams managing patients with breast
cancer to carefully synthesize the available his-
topathologic, clinical, and radiological data.
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