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Background: The consistency of Breast Imaging Reporting and Data System (BI-RADS) classification
among experienced radiologists is different, which is difficult for inexperienced radiologists to master. This
study aims to explore the value of computer-aided diagnosis (CAD) (AI-SONIC breast automatic detection
system) in the BI-RADS training for residents.

Methods: A total of 12 residents who participated in the first year and the second year of standardized
resident training in Ningbo No. 2 Hospital from May 2020 to May 2021 were randomly divided into 3
groups (Group 1, Group 2, Group 3) for BI-RADS training. They were asked to complete 2 tests and
questionnaires at the beginning and end of the training. After the first test, the educational materials
were given to the residents and reviewed during the breast imaging training month. Group 1 studied
independently, Group 2 studied with CAD, and Group 3 was taught face-to-face by experts. The test scores
and ultrasonographic descriptors of the residents were evaluated and compared with those of the radiology
specialists. The trainees’ confidence and recognition degree of CAD were investigated by questionnaire.
Results: There was no statistical significance in the scores of residents in the first test among the 3 groups
(P=0.637). After training and learning, the scores of all 3 groups of residents were improved in the second
test (P=0.006). Group 2 (52+7.30) and Group 3 (54+5.16) scored significantly higher than Group 1 (38+3.65).
The consistency of ultrasonographic descriptors and final assessments between the residents and senior
radiologists were improved (k3 > 2 > k1), with k2 and k3 >0.4 (moderately consistent with experts), and «1
=0.225 (fairly agreed with experts). The results of the questionnaire showed that the trainees had increased
confidence in BI-RADS classification, especially Group 2 (1.5 to 3.5) and Group 3 (1.25 to 3.75). All trainees
agreed that CAD was helpful for BI-RADS learning (Likert scale score: 4.75 out of 5) and were willing to use
CAD as an aid (4.5, max. 5).

Conclusions: The AI-SONIC breast automatic detection system can help residents to quickly master
BI-RADS, improve the consistency between residents and experts, and help to improve the confidence of
residents in the classification of BI-RADS, which may have potential value in the BI-RADS training for
radiology residents.

Trial Registration: Chinese Clinical Trial Registry (ChiCTR2400081672).

A ORCID: 0000-0002-0126-7255.
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Introduction

The incidence of breast cancer surpassed that of lung
cancer, becoming responsible for the highest number of new
cases of malignant tumor worldwide and the most prevalent
malignancy affecting women’s health worldwide (1).
Ultrasound (US) is an indispensable tool for breast imaging,
complementing mammography and magnetic resonance
imaging (MRI) (2-4). Moreover, it has the advantages
of easy access, low cost, and no radiation risk. However,
the low specificity and high interobserver variability of
US remain problematic (5-7). Although the American
College of Radiology (ACR) developed the Breast Imaging
Reporting and Data System (BI-RADS) to standardize
description of images and interpretation of reports (8),
interobserver agreement ranges from poor to moderate
among radiologists (9-11), and is especially impacted by
residents without extensive training in breast US. This
variation in lesion description and final classification has
a serious impact on patient management. False positive
results lead to additional imaging or invasive biopsies, thus
increasing medical costs, adding to the patient’s mental
burden, and even causing anxiety.

Highlight box

Key findings

* The AI-SONIC breast automatic detection system is very helpful
for resident physicians to master breast Breast Imaging Reporting
and Data System (BI-RADS).

What is known and what is new?

® Many previous studies have validated the use of computer-aided
diagnosis (CAD) to improve the accuracy of ultrasound (US)
diagnosis of breast masses.

*  We found that CAD can help residents better and faster master
breast BI-RADS classification.

What is the implication, and what should change now?

¢ Standardized training in breast US is beneficial, and CAD is an
effective tool for residents to learn the classification of US BI-
RADS.
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Many previous studies have validated the use of
computer-aided diagnosis (CAD) to improve the accuracy
of US diagnosis of thyroid nodules, breast masses, lung
masses, etc. (12-14). Although the accuracy of BC detection
varies from CAD to CAD, we suspect that this may be
related to the difference in the database trained earlier, the
difference in the delineation of interested experts, etc. But
the application of CAD in BI-RADS training has not been
reported. AI-SONIC Breast automatic detection system
(Zhejiang Demetics Medical Technology Co., Zhejiang,
China) is a CAD system independently developed by a
Chinese company to automatically detect breast masses
and identify the benign and malignant properties, with
powerful automatic outlining, feature extraction, and the
ability to differentiate benignancy and malignancy (15).
Moreover, it can quantitatively display descriptions of
several aspects involved in BI-RADS classification. A study
has demonstrated a high degree of consistency between
the system and senior radiologists. In addition, it can also
reduce the biopsy rate of BI-RADS type 4 nodules (16).

The purpose of this study was to explore the feasibility
of CAD application in US BI-RADS training for residents.
We present this article in accordance with the CONSORT
reporting checklist (available at https://tcr.amegroups.com/
article/view/10.21037/tcr-23-2122/rc).

Methods
Participants

A total of 12 residents in their first and second year of
standardized training for residents in Ningbo No.2 Hospital
from May 2020 to May 2021 were selected as the research
participants, including 2 males and 10 females (25+2.5 years
old). We designed a three-arm randomized trial. The 12
residents were randomly divided into three groups (Group
1, Group 2, Group 3) by drawing lots, and allocation ratio
is 1:1:1. There were no statistical differences in age, gender,
grade, educational background and major among the three
groups (P value >0.05). For details, as shown in Table 1. All
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Table 1 Basic information of three groups

Group Number Age (years) Gender Grade Educational background Major

Group 1 1 25 Male 2nd Bachelor Ultrasound
2 26 Female 1st Bachelor Ultrasound
3 25 Female 1st Bachelor Ultrasound
4 24 Female 1st Bachelor Ultrasound

Group 2 5 25 Female 1st Bachelor Ultrasound
6 24 Male 2nd Bachelor Ultrasound
7 25 Female 1st Bachelor Ultrasound
8 26 Female 1st Bachelor Ultrasound

Group 3 9 24 Female 1st Bachelor Ultrasound
10 25 Female 1st Bachelor Ultrasound
11 25 Female 2nd Bachelor Ultrasound
12 26 Female 1st Bachelor Ultrasound

Group 1, independent study; Group 2, CAD-assisted study; Group 3, face-to-face teaching by experts. CAD, computer-aided diagnosis.

residents were aware of the study and agreed to participate.
The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013). The study was
approved by the Ningbo No. 2 Hospital Ethics Committee
(No. YJ-NBEY-KY-2024-022-01). Informed consent was
obtained from the patients.

Research methods

Establishment of breast disease database

In the early stage, we established a database of breast
diseases containing 200 pathologically confirmed or long-
term follow-up verified cases. These medical records were
all taken by the same breast US expert (Dr. A has 20 years of
experience in breast US) on the same US instrument (Philips
EPIQ7C 5-12 MHz). And divided into four sets: training
set, learning set, test set A and test set B, each containing 50
cases. The training set includes images of typical ultrasonic
features and some special cases described in ACR BI-RADS,
such as retention cysts, postoperative scars, and images after
neoadjuvant chemotherapy, etc., to help trainees master the
ultrasonic image features of typical cases and understand the
ultrasonic image manifestations of some special cases. The
cases in the self-study set all included expert US descriptions
of the masses, BI-RADS classification, and pathological
findings. Trainees can refer to the US reports of experts and
study against the pathological results. Both test set A and
test set B were surgical cases, so BI-RADS were classified

© Translational Cancer Research. All rights reserved.

from grade 3 to grade 5. It is used to test the training effect
of trainees. All cases have a complete medical history and
excellent image quality, including video clips. All cases were
reviewed and assigned a BI-RADS classification by 2 senior
radiologists (A and B) dedicated to breast imaging. Dr. A
and Dr. B have 20 and 15 years of experience in breast US,
respectively.

Theoretical training

The cases in the training set were used as theoretical
training materials. The training lasted for one day, during
which the trainees were free to ask questions to the teaching
experts. The first test and questionnaire were conducted on
the day at the end of the training, and the second test and
questionnaire were conducted one month after the training.
The questionnaire included students’ grade, experience of
breast scan, knowledge of CAD, level of trust and concern,
learning status of breast study month, and confidence in
BI-RADS classification. The Likert scale is divided into 5
levels, with the lowest score being 1 and the highest score

being 5.

Test methods

All residents were required to describe and classify lesions in
accordance with the BI-RADS dictionary (17): investigating
the consistency of the description from 6 dimensions: shape,
orientation, margin, echo pattern, posterior features, and
calcifications.
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Figure 1 Training flow chart. G1, Group 1, independent study; G2, Group 2, CAD-assisted study; G3, Group 3, face-to-face teaching by

experts. CAD, computer-aided diagnosis.

The classification of BI-RADS was then recorded and
the corresponding results were recovered, followed by
the feedback of the diagnosis and pathological results of
the experts. By comparing the residents’ findings with the
description and classification of breast mass by experts, the
consistencies between the residents and the experts were
calculated. After the first test, 100 cases from test set A
and the learning set were distributed to the residents, who
reviewed the cases in the following month, each resident
also receives an ACR BIRADS atlas. Group 1 was self-
taught based on the US description of the mass and the
BI-RADS classification combined with the pathological
results, for 1 hour a day, 5 days a week, for a total of
20 hours. Group 2 was assisted by CAD to learn the 100
cases by themselves, referring to the description provided by
CAD and combining with the pathological results, and was
also given 20 hours. Group 3 received face-to-face reviews
of each case by the experts, lasted about 3 hours. In the
remaining 17 hours, residents learned according to expert

explanation, US description, and pathological results. At
the end of the training, a second test was conducted using
the cases within test set B. Each test contained 50 questions,
with 2 marks for each question consistent with the experts’
classification results, and no marks for inconsistency. The
detailed training process was shown in Figure 1.

AI-SONIC breast automatic detection system

The AI-SONIC breast automatic detection system can
automatically label, process, analyze, and quantitatively
describe the 6 above mentioned features of breast nodules,
as well as provide BI-RADS classification and benign and
malignant probability values (probability values range
from 0 to 1, with 0 to 0.5 representing ‘benign’ and 0.6-1
representing a higher likelihood of ‘malignant’). The most
important feature of the AI-SONIC breast automatic
detection system is that it objectively quantifies the
characteristics of the BI-RADS dictionary, quantitatively
describes the degree of breast lesions, and defines the
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Figure 2 AI-SONIC breast automatic detection interface. Representative image of setting the ROI for AI-SONIC breast automatic

detection system in a 53-year-old woman with a diagnosis of cancer in her right breast. The ROI was set automatically along the margin

of the breast mass for analysis. After the ROI was set, the ultrasonographic features were automatically analyzed by AI-SONIC, and a final

assessment was automatically visualized. The right side of the figure shows the details of the 6 important characteristics specified in the BI-

RADS dictionary (add ref to reference). ROI, region of interest; BI-RADS, Breast Imaging Reporting and Data System.

characteristics of masses in precise score ranges (Figure 2).
For each trait score range, there is a corresponding
presentation pattern from the BI-RADS dictionary. Thus,
radiologists can accurately classify each feature in breast
US images. Prior to the training, 2 senior radiologists had
reviewed CAD descriptions of the cases in the database and
their consistency with the pathological findings.

Statistical analysis

The software SPSS 22.0 (IBM Corp., Armonk, NY, USA)
was used for statistical analysis. Continuous variables were
described using mean = standard deviation (SD). One-
way analysis of variance (ANOVA) was used to assess
the difference between the 3 groups of residents. Kappa
statistics were used for the consistency of US descriptors
and final assessments between the residents and experts.
Less than 0 indicated poor agreement; 0.00-0.20 indicated
slight agreement; 0.21-0.40 indicated fair agreement; 0.41-
0.60 indicated moderate agreement; 0.61-0.80 indicated
substantial agreement; 0.81-1.00 indicated almost perfect

© Translational Cancer Research. All rights reserved.

agreement. The Wilcoxon rank sum test was used to
compare the scores of the 2 questionnaires. A P value <0.05

was considered to indicated statistical significance.

Results

Pathology and final assessment for BI-RADS classifications
of breast masses

The 2 tests included a total of 100 cases, of which 54 were
benign and 46 were malignant. In the first test, 28 were
benign and 22 were malignant, whereas 26 were benign and
24 were malignant in the second test. The final assessment
for BI-RADS classifications by 2 experts were as follows: 32
cases of category 3 with 0 cases of malignancy; 26 cases of
category 4a with 6 cases of malignancy; 13 cases of category
4b with 11 cases of malignancy; 22 cases of category 4c with
22 cases of malignancy; 7 cases of category 5 with 7 cases
of malignancy. The consistency (k =0.625-0.850) between
the two experts and CAD in ultrasonic description and
BI-RADS classification were both greater than 0.6. For
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Table 2 Scores of residents’ tests
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Test Group 1 Group 2 Group 3 P
The first test 30+5.89 28+6.32 32+5.16 0.63
The second test 38+3.65 52+7.30 54+5.16 0.006

Data are presented as mean + standard deviation. P, comparison between the 3 groups in test. Group 1, independent study; Group 2,
CAD-assisted study; Group 3, face-to-face teaching by experts. CAD, computer-aided diagnosis.

Table 3 Agreement for ultrasonographic descriptors and final assessments between the residents and senior radiologists

Group 1, ¥ (95% Cl)

Group 2, k (95% Cl)

Group 3, k (95% Cl)

Ultrasound
The first test The second test The first test The second test The first test The second test
Final 0.125 0.225 0.100 0.412 0.150 0.425
assessment (-0.030, 0.285) (0.052, 0.389) (-0.048, 0.252) (0.232, 0.582) (-0.008, 0.308) (0.232, 0.600)
Features
Shape 0.249 0.371 0.280 0.460 0.249 0.520
(0.039, 0.462) (0.155, 0.580) (0.074, 0.486) (0.268, 0.663) (0.039, 0.462) (0.308, 0.696)
Orientation 0.240 0.400 0.277 0.520 0.204 0.560
(-0.027, 0.483) (0.149, 0.661) (-0.004, 0.538) (0.271, 0.722) (-0.074, 0.461) (0.319, 0.785)
Margin 0.189 0.249 0.158 0.430 0.220 0.460

Echo pattern

(~0.023, 0.396)

0.250
(0.074, 0.423)

(0.002, 0.427)

0.275
(0.105, 0.449)

Posterior 0.129 0.232
features (-0.034, 0.288) (0.051, 0.409)
Calcifications 0.280 0.309

(0.074, 0.486)

(0.082, 0.510)

(~0.053, 0.360)

0.225
(0.052, 0.389)

0.154
(~0.029, 0.324)

0.189
(~0.023, 0.396)

(0.219, 0.634)

0.400
(0.232, 0.572)

0.385
(0.196, 0.562)

0.490
(0.300, 0.671)

(0.002, 0.427)

0.200
(0.045, 0.371)

0.206
(0.026, 0.387)

0.139
(~0.026, 0.252)

(0.268, 0.663)

0.425
(0.232, 0.600)

0.436
(0.244, 0.611)

0.340
(0.126, 0.536)

Group 1, independent study; Group 2, CAD-assisted study; Group 3, face-to-face teaching by experts. Cl, confidence interval; CAD,

computer-aided diagnosis.

inconsistent cases, the two experts determined the final
description and classification after consultation. The specific
training process was shown in Figure 1.

Residents’ BI-RADS classification scores

The basic information of the three groups was no
difference, as shown in Tuble 1. There was no statistical
significance in the scores of residents in the first test
among the 3 groups (P=0.63). A 1 month after training, the
results of the second test in the 3 groups were all improved
compared with the previous test, and the differences were
statistically significant (P=0.006). The scores of Group 2
and Group 3 were significantly higher than those of Group
1, and the difference were statistically significant (P<0.05).
The detailed results are shown in Table 2.

© Translational Cancer Research. All rights reserved.

Interobserver agreement on ultrasonographic descriptors
and final classifications

A summary of the interobserver variability in US features
and final assessments between the residents and senior
radiologists is presented in Tuble 3. The consistency of
final assessments was improved (k3 > k2 > k1), k2 and «3
were both >0.4 (moderately consistent with experts), and
k1 =0.225 (fairly consistent with experts). Overall, the
interobserver agreement in the first test ranged from *slight’
to ‘fair’ in terms of shape (k =0.249-0.280), orientation (k
=0.204-0.277), margin (x =0.158-0.220), echo pattern (x
=0.200-0.250), posterior features (k =0.129-0.206), and
calcifications (x =0.139-0.280). However, the results of
the interobserver variability were much different in the
second test. The interobserver agreement between Group
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Table 4 The pre-training questionnaire

No. Questions Reply

1 How many years have you been a resident physician? 1/2 years

2 Have you ever had any experience with breast ultrasound? (1= no experience, 5= very experienced) 1/2/3/4/5

3  How do you know about breast CAD? (1= don’t know, 5= very know) 1/2/3/4/5

4 How much do you trust breast CAD? (1= distrust, 5= very trust) 1/2/3/4/5

5 Do you think breast CAD is helpful in learning BI-RADS classification? (1= not helpful, 5= very helpful) 1/2/3/4/5

6  Are you worried that CAD will replace doctors in the future? (1= not worried, 5= very worried) 1/2/3/4/5

7 Do you have confidence in the BI-RADS classification? (1= no confidence, 5= very confident) 1/2/3/4/5

CAD, computer-aided diagnosis; BI-RADS, Breast Imaging Reporting and Data System.

1 and the specialists was fair for shape, orientation, margin,
echo pattern, posterior features, and calcifications (x
~0.371, 0.400, 0.249, 0.275, 0.232, and 0.309, respectively).
Meanwhile, the interobserver agreement between Group
2 and the specialists was fair for posterior features and
echo pattern (k =0.385 and 0.400), and moderate for shape,
orientation, margin, and calcifications (x =0.460, 0.520,
0.430, and 0.490, respectively) in the second test. For Group
3 and the specialists, the inter-observer agreement was
fair for calcifications (x =0.340), and moderate for shape,
orientation, margin, echo pattern, and posterior features (k
=0.520, 0.560, 0.460, 0.425, and 0.436, respectively) in the

second test.

Questionnaire results

The questionnaires were scored by Likert scale (18). After
the breast imaging training, the questionnaire results
showed that the confidence of all trainees in BI-RADS
assessments was improved, and improvements were more
marked in Group 2 and Group 3, with Group 2 having their
confidence index increased from 1.5 to 3.5 and Group 3
from 1.25 to 3.75. All trainees agreed that CAD was helpful
in learning BI-RADS (4.75 out of 5), and were willing to use
CAD as an assistant (4.5 out of 5). None of them worried
that they would be replaced by CAD in the future (1.25 out
of 5). The pre- and post-training questionnaires as shown in
Tubles 4,5.

Discussion

Previous studies have generally reported that CAD systems
can improve the diagnostic performance of breast US
(19-21). In this study, we innovatively applied CAD to

© Translational Cancer Research. All rights reserved.

the training of residents in breast BI-RADS learning. A
total of 12 residents were randomly divided into 3 groups:
Group 1 (independent study), Group 2 (CAD-assisted
study), and Group 3 (face-to-face teaching by experts). The
study period was 1 month, after which time we explored
the effects of these 3 different educational approaches
on residents’ BI-RADS classification learning. We found
that through training and learning, the second test scores
increased in all 3 groups. The agreement between residents
and experts was improved both in ultrasonographic
descriptors and final assessments. However, the teaching
effect of Group 2 and Group 3 was significantly better than
that of Group 1. Additionally, the confidence of the trainees
in BI-RADS classification was enhanced, with more evident
improvements in Group 2 and Group 3. As previously
reported in the literature (22), a standardized training
program in breast US used to train residents proved
beneficial.

Although BI-RADS is widely used to describe breast
lesions, operator dependency and interobserver variability
can lead to inconsistencies in diagnosis among practitioners
(23-25). It was reported that the specificity of residents
was significantly lower than that of senior radiologists
in the assessment of breast lesions using the BI-RADS
dictionary. CAD system has recently been applied to
overcome observer variability in breast US, as well as to
improve diagnostic performance (13,14). The AI-SONIC
breast automated detection system allows for a quantitative
representation of the radiologist’s subjective description of
the BI-RADS dictionary features, defining each feature with
a precise range of scores and giving a final classification
of the mass. The characteristic description of breast mass
by beginners is subjective, which leads to low specificity
of final classification. While previous study evaluating
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Table 5 The post-training questionnaire
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No. Questions

Reply

1 How many years have you been a resident physician?

How many breast cases have you studied in the past month?

2
3 Have you studied the pattern of breast cases in the past month?
4

1/2 years
<20/21-40/41-60/61-79/>80
Self-taught/by CAD/by expert

Students learning with CAD please answer the following questions:

How much do you know about CAD through CAD practice? (1= don’t know, 5= very know)
How reliable do you think CAD is? (1= unreliable, 5= very reliable)

Do you think breast CAD is helpful in learning BI-RADS classification? (1= not helpful, 5=

very helpful)

5 Are you willing to CAD assist learning? (1= unwilling, 5= very willing)
6 Are you worried that CAD will replace doctors in the future? (1= not worried, 5= very worried)

7 Do you have confidence in the BI-RADS classification? (1= no confidence, 5= very confident)

1/2/3/4/5
1/2/3/4/5
1/2/3/4/5

1/2/3/4/5
1/2/3/4/5
1/2/3/4/5

CAD, computer-aided diagnosis; BI-RADS, Breast Imaging Reporting and Data System.

training has reported immediate results, the long-term
effects of training have not been well documented (22).
Table 3 showed that the “posterior feature” scores of the
three groups were relatively low. This may indicate that
residents have difficulty grasping concepts in this area, and
in future training, we will improve this training to improve
their understanding. In our study, Group 2 learned BI-
RADS with the help of CAD within 1 month after the first
test, and the system presented US features to the trainees,
which provided a useful reference for residents to learn
the images on a case-by-case basis, allowing for a rule-
based final classification, which, together with immediate
pathology feedback, impressed the trainees and led to good
results and basic mastery of BI-RADS classification. The
Group 2 trainees were moderately consistent with experts
(k =0.412) and their scores (52+7.30) in the second test
were significantly higher than those of Group 1 (38+3.65)
yet slightly lower than those of Group 3 (54+5.16). The
effect of CAD system-assisted teaching is close to that of
face-to-face teaching by experts. The reason for this/our
research outcome could possibly be the fact that the massive
breast US images in the early model training period of the
CAD system were manually outlined by breast US experts
then the deep convolutional neural network was used to
automatically outline lumps and conduct feature description
and classification after unsupervised self-learning. To some
extent, it reflects the opinions of experts, so the consistency
between the system and experts in the description and
classification of breast masses is very high (16). At present,

© Translational Cancer Research. All rights reserved.

the clinical workload of doctors with teaching duties (i.e.,
clinical teachers) in domestic hospitals is heavy, and there
is no full-time teacher to teach residents face-to-face
throughout the whole training session. The emergence of
a trained CAD system may alleviate this situation. When
learning the US BI-RADS, the residents can import the
ultrasonic images into the CAD system, and the students
can learn by referring to the quantitative score and
classification results of the CAD description for masses, thus
enabling themselves truly understand and flexibly use the
BI-RADS classification. Further, students prefer this kind
of teaching method due to its simplicity and remarkable
accessibility. CAD systems may be potentially valuable in
training inexperienced residents.

The low signal-to-noise ratio of breast US images, the
utter commonness of homogeneous or heterogeneous
images, and the easy confusion of benign and malignant
tumors (26-28), inflammation and adenopathy are all
challenges for relatively inexperienced residents. The pre-
training questionnaire showed that students in all 3 groups
had low confidence in mastering BI-BADS (1.25-1.5 points
out of 5). The results of the questionnaire after training
showed that all trainees had raised their confidence in
mastering BI-RADS, with a more pronounced/marked
increase in Group 2 (from 1.5 to 3.5) and Group 3 (from
1.25 to 3.75). All students found CAD helpful for breast
BI-RADS learning (4.75 out of 5), and were willing to
use CAD to assist their learning (4.5 out of 5). Hence, the
application of CAD in the training of residents in breast
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US can increase the self-confidence of the trainees, help
residents to master the classification of BI-RADS in a short
time, optimize the learning process, and reduce the burden
on clinical teachers (29).

Video clips recommended by experts were used in all
breast cancer cases in this study, which provides a more
similar scenario to daily practice (9). Combined with
pathological diagnosis, trainees can receive immediate
feedback after observing the US images, which is thereby
conducive to the training effect. In the future, we will
continue to expand the cases, build a large database of
breast US video clips, store US images from breast cancer
patients and their clinical information, and help experienced
radiologists to generate teaching documents for teaching
and training. Due to the small number of trainees in this
study, the fact that the teaching effect was only evaluated
1 month after the training (no follow-up on the long-term
outcomes of the training), and all the surgical cases used
for testing (with BI-RADS classifications above category
3), it was difficult to establish a perfect/thorough teaching
evaluation because only BI-RADS classifications for
category 3—5 masses by the trainees were evaluated. The
CAD system also has certain limitations, with only 1 section
being classified, which may lead to misdiagnosis since
different focal sections can infer/deduce totally opposite
diagnosis. For better repeatability, we used automatic
diagnosis with maximum cross section.

Conclusions

Standardized training in breast US is beneficial, and CAD
is an effective tool for residents to learn the classification
of US BI-RADS, which is helpful for residents to truly
understand and flexibly apply BI-RADS classification,
improves the consistency between residents and experts,
and boosts the confidence of residents in BI-RADS
classification, thus facilitating the rapid mastery of BI-
RADS classification for residents.
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