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Breast cancer is the most common cancer and the second
most frequent cause of cancer death in women in the
United States (1). In order to alleviate this major healthcare
problem, breast cancer screening programs were launched
in the eighties in developed countries. Although not
free from controversy, population-based mammography
screening has been proven to reduce breast cancer mortality
between 20% to 40% in randomized controlled trials (1,2).
However, there are still substantial differences between
countries and regions in different aspects of these screening
programs, such as starting age, mammography interval or
number of readers.

In addition, the interpretation of mammographies by
radiologists is qualitative and therefore, susceptible to
reading errors. In general, the rate of false-negative results
remains low (between 10-30%), but the rate of false positive
results is not negligible, and requires subsequent additional
imaging and a significant number of benign biopsies (3).
False positive results have been linked to a number of
factors related to patient characteristics, technical issues
and radiologists’ skills. Higher recall rates have been
recorded in patients younger than 49-year-old, with higher
density category, risk factors or previous mammographic
findings (4). In addition, digital breast tomosynthesis, also
known as 3D mammography, has widely demonstrated its
superiority to conventional 2D mammography for breast
lesion detection and characterization (5). In this direction,
a recent meta-analysis suggests that breast tomosynthesis
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can improve cancer detection rates and decrease recall rates
compared to traditional 2D mammography (6). Finally,
double versus single reading, geographic location of the
readers and particularly, radiologists’ reading volume and
experience have also been linked to differences in results
and recall rates of screening programs (4,7,8). Clearly, there
is room for improvement in several aspects of this screening
approach.

Radiology is one of the most obvious gateways for the
use of artificial intelligence (AI) in healthcare. The large
amount of data present in medical imaging studies offers
the ideal scenario for developing Al-based solutions. In
this direction, deep learning (DL), a specific subtype of
Al-based on artificial neural networks with representation
learning, is expected to help radiologists to handle the
growing number of radiological images and the resulting
quantitative information (9). In this sense, breast
tomosynthesis provides a greater number of images than 2D
mammography, which involves an increase in radiologists’
workload and decision times (10). Also, Al is expected to
alleviate the general deficit of radiologist numbers, as in a
growing number of countries the number of radiologists
per 100,000 population is commonly below the desired
standard, making this growing workload overwhelming
and unsustainable. In the specific case of breast imaging,
the shortage of subspecialized radiologists may result in a
significant problem, bearing in mind the increasing demand
for mammographies. (11).
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The idea of using computer-aided detection (CAD)
systems to improve both the radiologist’s performance and
productivity in the reading of screening mammography
is not new (12). However, the results to date have been
contradictory and without clear benefits (13). Over recent
years, Al has been applied to CAD tools, first based on
machine learning (ML) and later on DL algorithms, to
assist radiologists’ decisions in their routine evaluation
of mammograms. With these tools, an increase of overall
sensitivity is achieved; however, these computer solutions
are not completely independent or automatic. These Al
systems require the continuous supervision of radiologists
to reach internal consensus or confirm suspicious findings,
which is also a time-consuming task. Thus, there is a real
need to increase the level of human independence from
these Al-based tools, or at least, to improve their overall
accuracy when ruling out malignancy (14).

More recently, convolutional neural networks (CNNs)
have been applied to mammography CAD software with
the aim of increasing the sensitivity and negative predictive
values of this technique (15). Furthermore, these systems
have been proposed as an option for independent reading.
Along these lines, a recent report by Dembrower et al.
concluded that the use of AI CAD systems for triage
mammograms without radiologist supervision could
potentially reduce radiologists’ workload by more than half
and also pre-emptively detect a substantial proportion of
cancers, which would otherwise be diagnosed later (16). In
the short-term, the most realistic scenario regarding the
use of Al CAD tools for breast screening diagnosis will
probably be focused on their use as an independent second
reader in order to reduce the radiologist’s workload (17).

Most of the AI CAD tools for mammography assessment
are designed to detect features that suggest malignancy.
For this reason, most algorithms have a similar profile
and are highly suitable to compare their performance in
terms of sensitivity, specificity and accuracy for breast
lesion detection and characterization. In this regard,
Salim er al. performed a retrospective external evaluation
of three different commercially available Al algorithms
as independent readers of a large set of population-based
screening mammograms from Sweden (8,805 women
including 739 women with cancer). Furthermore, they
analyzed the screening results of the AI CAD systems as a
supplementary read to the first reading by a radiologist (18).
One of the algorithms demonstrated a significantly superior
area under the curve (AUC) compared to the other two for
cancer detection. Interestingly, at the estimated specificity
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(96.6%) of the radiologists, the best Al CAD system showed
a similar or even higher performance level than any of the
readers (81.9% for the algorithm versus 77.4% and 80.1%
for first and second reader, respectively). Of note, the Al
tools were blinded to prior mammograms and clinical
information, which constituted a disadvantage compared to
readers, as the authors recognized. Also, the combination
of the first reader with the best Al CAD system achieved
better sensitivity and specificity in cancer detection than the
combination of both readers. However, when using the best
algorithm as first reader followed by a human reader, the
detection rate increased by 8% but with a dramatic increase
of the abnormal calls (true positives plus false positives)
by 77%. In summary, Salim ez /. have demonstrated that
there is a commercially available Al algorithm able to
perform independent reading of screening mammograms
with enough diagnostic performance to be considered as an
independent reader in prospective clinical studies.

This work also discusses several possible causes of the
differences in the performance between the three evaluated
Al algorithms and between Al algorithms and radiologists.

“well-known” black-box

These causes range from the
effect of most of Al tools to the different databases used
for training algorithms, types of annotation and use of
different Al technologies to build the algorithms, such
as artificial neural networks, CNNs, augmented learning
or generative adversarial networks (19). In this report,
the size of the training dataset seems to be an important
factor in the performance of the evaluated Al solutions, as
the best algorithm used a significantly larger number of
normal mammograms and cancer images for training than
the other two. Another element usually considered crucial
in the development of Al CAD systems is the diversity of
the training dataset, as most of the algorithms are usually
trained with specific ethnic, age or breast density groups,
which may limit their performance when they are applied
to other different populations. Surprisingly, in the series
by Salim et al., the best computer algorithm was trained
using a completely different patient population and with
different vendor equipment compared with the dataset
and mammography device of the study. In the same vein,
McKinney et al. performed an interesting study comparing
the robustness of the same Al tool for breast cancer
screening in datasets from USA and UK, providing evidence
of how the system could be generalized from the UK to
the USA population (17). They also found a significant
reduction of false positive and negative results and higher
AUC for the Al algorithm than the average radiologists.
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All these data support the assertion that one of the main
strengths of an AI CAD tool must be its robustness against
heterogeneous populations.

Moreover, some of these Al tools are only trained
with radiological breast images, without considering
demographic and/or clinical data (i.e., age, prior breast
cancer, palpable lump or hormone supply treatment),
which may potentially decrease their overall accuracy for
breast lesion detection and characterization compared
to radiologists. For these reasons, the consideration of
data different to imaging in the training dataset of Al
algorithms is important in order to enhance their diagnostic
performance and in an attempt to imitate the radiologist’s
workflow (20). Similarly, Schaffter et /. evaluated a recent
challenge concerning the performance of 126 different Al
algorithms in comparison to radiologists in the detection
of cancer within a 12-month time frame using a dataset
of more than 300,000 screening mammography studies
from two different countries (21). None of the algorithms
was able to beat radiologists’ specificity at the radiologists’
operating sensitivity. The results were similar when the Al
CAD systems used only mammograms for the assessment
or when prior imaging, clinical and demographic
information were available. Subsequently, an ensemble
model was created by the top performing teams but, again,
the radiologists’ specificity was superior. A significant
improvement in the specificity for breast cancer detection
was obtained only when the ensemble Al algorithm was
followed by the radiologist assessment, carried out in
a single-reader approach, compared with radiologists’
performance. The authors also compared double reading
strategies against this ensemble Al model, finding that
consensus radiologist interpretation outperformed it.
These results indicate that double-reading models are still
better than a single-radiologist model assisted by Al (22).
In the study by Salim et 4., the three Al CAD systems were
blinded to previous imaging and clinical and demographic
data, which may be a potential limitation. However, the trial
conducted by Schaffter and colleagues highlighted the scant
influence of having access to additional clinical information
or imaging in the performance of current breast Al
algorithms.

Due to all these potential sources of bias, there is a real
need to perform robust external validation studies, like the
one performed by Salim and colleagues, in order to compare
the accuracy of different types of Al solutions from different
vendors with the same cohort of patients. An essential step
in the final development process of Al algorithms is to
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successfully overcome internal and external validation tests.
Comparison between models from different vendors is the
next and necessary step for ensuring an additional security
checkpoint prior to their implementation in the clinical
radiology arena.

In general, the practical application of Al-based tools in
radiology, and in particular, their use in the assessment of
mammography, raises several questions (23). The use of Al
CAD systems combined with radiologists’ readings increases
the overall accuracy of mammograms for breast lesion
detection and characterization. However, should these
algorithms be launched prior to the radiologist’s evaluation
of images, as an assistant tool? Or, is it better to employ
them after the radiologist’s assessment, using them as a
safety net? Should radiologists only have to check positive
cases detected by Al algorithms? In this sense, economic
and cost benefit issues also arise due to the possibility of
saving money on a second radiologist for consensus reading
or spending money purchasing a sophisticated Al CAD tool
to be used as an independent reader. Finally, computational
resources to deploy some of these algorithms may be
difficult to find in a majority of breast imaging clinics or
radiology departments (22).

For all the above reasons, we consider that a thoughtful
analysis including external validation and comparison of
different AI CAD systems in mammography assessment
is mandatory prior to their introduction in radiological
practice. Ethics and legal issues related with Al and
radiology practice must also be carefully addressed before
clinical trials begin, in order to preserve patient safety (24).
All of these steps should constitute the last secure
checkpoint for Al applications before being introduced into
radiological clinical practice.
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