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I. INTRODUCTION

A.l. has been developing around the world for the
past few years and continues until this point in time. A.l. has
been helping people in different fields. It is believed one day
A.l. can help the people in the radiology field, either
generating pictures, examining patients, or another job.
People always assume that A.l. can do anything in the future.
One thing people have been debating a lot is whether A.l. will
be able to take the job of the radiologists or will A.l. only be
able to assist radiologists in their job. According to Dr. Amar
Udare, MD in radiogyan.com, it is stated that A.l. will
reshape how radiologists work but the role of the radiologists
won’t be able to be taken entirely. Most Al models are used
to support lesion detection or to help radiologists do decision
making. However, there are some new approaches where Al
is used to analyze the disease history of the patient and
writing examination reports.

Il. LITERATURE REVIEW

Mammography got a computer helper in the 1990s
— CAD software. It came with other tools to aid doctors.
These extra tools got the green light for medical use, even
though the first wave of CAD seemed like it would be a
bigger deal. Most studies done were small and looked back in
time (retrospective). They only used carefully picked image
sets that had a lot more cancers than usual (around 26% of the
images were cancerous). Also, different methods were used
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to create the Al models, which makes it hard to compare
them. A study from Oxford involving Al and 101 radiologists
is given A to H datasets with different reading countries,
vendors, case set population, exam types, total number of
exams, exam results, radiologists’ experience, and score
scale. Then, compare the reader-average AUC with the Al
AUC. The analysis data which yielded empirical AUC values
and their 95% confidence intervals were computed following
the U-statistics to provide unbiased estimates of the variance
components. Next, the AUC and operating points were
compared between Al and the radiologists for each dataset.
The result proves that the AUC of the Al system was
statistically non inferior to that of the 101 radiologists with
0.026 of AUC difference, which is slightly higher for the Al
system at the range of low and mid-specificity. Although Al
had higher AUC than 62 radiologists, the performance of Al
was always lower than that of the best radiologist. The
performance of the Al is 0.840, 95% CI = 0.820 to 0.860 and
the performance of the radiologists is 0.814, 95% CI = 0.787
- 0.841 [6].

Researchers in South Korea tested an Al system for
mammograms using a dataset of 320 screening
mammograms. To avoid bias, the radiologists who reviewed
the images (14 of them) worked at different hospitals than
where the images were used to develop the Al. To measure
how well the Al performed, they focused on a statistic called
LOM-based mammogram level AUROC. They also looked
at other factors, like how well the Al could pinpoint
suspicious areas (POM) and how many cancers it correctly
identified (recall) compared to how many healthy cases it
flagged specifically. The radiologists scored 0.810 (AUROC)
on the overall diagnostic performance. Meanwhile, the Al
scored 0.940 (AUROC). The other test where the radiologists
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were aided by Al, the radiologists scored 0.881 (AUROC)
which is an improvement [3].

A study conducted in Western Australia utilized
data from the population-based breast cancer screening
program, BreastScreen WA (BSWA). The study cohort
comprised women aged 50 to 74 years, aligning with the
standard age range for breast cancer screening invitations in
Australia, with mammograms obtained using Siemens'
MAMMOMAT Inspiration system. Employing
commercially available artificial intelligence  (Al)
algorithms, the research conducted independent validation
testing by comparing Al readings with human interpretations
within a real-world screening context. The dataset included
sequential screening data from BSWA, encompassing
participant demographics, screening outcomes, and cancer
diagnoses. Utilizing the DeepHealth Al model, which holds
FDA clearance and is commercially available in the US, the
algorithm's performance was evaluated against Siemens
digital mammography images, the system commonly used in
Western Australian breast cancer screening. The study
findings suggest that Al holds promise in enhancing cancer
detection and reducing false recall rates within breast cancer
screening [2].

The Al systems used are contemporary data driven
models, most of which use convolutional neural networks or
deep learning technology. However, the application of Al in
healthcare poses ethical risks, including concerns about
clinical outcome evidence, algorithmic bias, and implications
for patient trust. The aim is to understand women’s values
regarding the application of Al in breast cancer screening
through a dialog group-based study. Ethics approval was
obtained, and dialogue groups were conducted online from
June to August 2021, facilitated by senior researchers. Data
collection involved a brief online survey and audio-recorded
discussion, focusing on women's responses to Al in breast
examination scenarios and their underlying judgments and
values [1].

I1l. METHODOLOGY
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A comprehensive search was conducted using
Google Scholar and Consensus. The keywords used are
“mammography”, “Al”, and “radiology”. Searches were
limited to peer-reviewed articles published in English and
releases range from 2018 to the latest research papers.

25 research papers from different researchers all
over the world were gathered and identified. In search of
article relevance, titles, abstracts, and matching datasets is the
most important information. If it does not provide any tested
datasets, then the information regarding the topic will be
extracted.

Here, the focus is on how Al can help radiologists in
their work instead of replacing radiologists’ work. So, the
look for the implementation of Al in radiology begins and
how much these Al can assist the radiologists.

Quality management is done by checking how
relevant the topic is and how much information can be
extracted along with the test results such as how many percent
of the radiologists; work was eased with the help of Al.

IV. RESULT & DISCUSSION

This section presents the findings from the reviewed
literature on how much Al can help radiologists in their work.
From the many papers available, we have selected and
reviewed 25 papers to seek the information required to
answer the research questions.

To squeeze the detail in each paper, the result is
limited to less than 10 papers of the most related ones.

A. Performance: Al vs Radiologists

Appropriate Use Criteria (AUC) and sensitivity of
Al system in radiology has been proven to have higher score
than the Appropriate User Criteria (AUC) and sensitivity of
most radiologists which means Al does not have higher AUC
compared to all the radiologists (higher 50% - 60% of the
total radiologists). The higher AUC is shown by most papers,
one of them is a paper by Hyo-Eun Kim (2020), on average,
the AUROC (Area Under the Receiving Operating
Characteristic curve) is 0.959 with the sensitivity of 0.914.
The prove that the Al does not have higher AUC than all
radiologists is shown in a paper by Alejandro Rodriguez-Ruiz
which is titled “Stand-Alone Acrtificial Intelligence for Breast
Cancer Detection in Mammography: Comparison With 101
Radiologists”, it is stated in the sentence “The system had a
higher AUC than 62 of 101 radiologists (61.4%, Figure 2)
and higher sensitivity than 55 of 95 radiologists (57.9%,
Figure 3, ...)".

B. Performance: Radiologists + Al vs Radiologists (Solo)

Point A compares the result of AI’s AUC and
radiologists” AUC. However, point B is a little different. It
involves Al in helping radiologists detect breast cancer. This
shows a better accuracy in detecting breast cancer due to there
are some cases where radiologists detect the presence of
breast cancer and Al don’t. There is also a case where it
happens the other way around, Al detects the presence of
breast cancer, and radiologists don’t.

Other paper written by Alejandro Rodriguez-Ruiz,
the AUC was higher with Al support compared to unaided
reading. Not only did the AUC increase, but the sensitivity
also increased. Even if it’s only a slight increase, it is still
something.



V. CONCLUSION
From this literature review, it is known that the

comparison of Al’s breast cancer reading is only slightly
better than radiologists’ read without AI’s help. But, in the
digitalization era, the research of what Al is capable of
helping radiologists will continue to develop. As for now, Al
can help a country with less experience radiologists to make
decisions and reconsider the result when there are different
results. It is not best to 100% rely on AI’s help but that does
not mean to reject Al’s help either.

negative things to consider,

Aside from the positive things, there are also
the difference in result may

confuse and concern radiologists. Especially, when ther is a
malfunction when reading cancer images.
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