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Artificial intelligence—based computer-aided
diagnosis for breast cancer detection on digital
mammography in Hong Kong

SM Yu *, Catherine YM Young, YH Chan, YS Chan, Carita Tsoi, Melinda NY Choi, TH Chan, Jason Leung,
Winnie CW Chu, Esther HY Hung, Helen HL Chau

ABSTRACT

Introduction: Research concerning artificial
intelligence in breast cancer detection has primarily
focused on population screening. However, Hong
Kong lacks a population-based screening programme.
This study aimed to evaluate the potential of artificial
intelligence—based computer-assisted diagnosis (Al-
CAD) program in symptomatic clinics in Hong Kong
and analyse the impact of radio-pathological breast
cancer phenotype on AI-CAD performance.

Methods: In total, 398 consecutive patients with
414 breast cancers were retrospectively identified
from a local, prospectively maintained database
managed by two tertiary referral centres between
January 2020 and September 2022. The full-field
digital mammography images were processed using
a commercial AI-CAD algorithm. An abnormality
score <30 was considered a false negative, whereas
a score of 290 indicated a high-score tumour.
Abnormality scores were analysed with respect to
the clinical and radio-pathological characteristics of
breast cancer, tumour-to—breast area ratio (TBAR),
and tumour distance from the chest wall for cancers
presenting as a mass.

Results: The median abnormality score across the
414 breast cancers was 95.6; sensitivity was 91.5%
and specificity was 96.3%. High-score cancers were
more often palpable, invasive, and presented as
masses or architectural distortion (P<0.001). False-
negative cancers were smaller, more common in

dense breast tissue, and presented as asymmetrical
densities (P<0.001). Large tumours with extreme
TBARs and locations near the chest wall were
associated with lower abnormality scores (P<0.001).
Several strengths and limitations of AI-CAD were
observed and discussed in detail.

Conclusion: Artificial intelligence—based computer-
assisted diagnosis shows potential value as a tool
for breast cancer detection in symptomatic setting,
which could provide substantial benefits to patients.
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* With a threshold score of 30, a commercially available artificial intelligence—based computer-assisted diagnosis
(AI-CAD) program showed high sensitivity and specificity for breast cancer detection on digital mammography
in symptomatic settings, offering a valuable diagnostic adjunct.

* The performance of AI-CAD varied according to the radio-pathological characteristics of breast cancer.
Notably, the program demonstrated promising accuracy in detecting breast cancers that exhibit architectural

distortion, which remains a diagnostic challenge.

*  Observed limitations of AI-CAD, such as underscoring cancers that present as large masses or exhibit nipple
retraction as well as its inability to compare with previous studies, highlight concerns regarding standalone use

of Al for triage in symptomatic clinics.

* Artificial intelligence—based computer-assisted diagnosis exhibits substantial potential for detecting breast

cancers in symptomatic settings.

* To make study findings clinically viable, larger validation studies are needed.
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Introduction

Mammography is the principal modality used for
breast cancer screening and detection in women
worldwide.! However, 10% to 30% of breast
cancers may be undetected during mammography
due to factors such as dense breast tissue, poor
imaging technique, perceptual error, and subtle
mammographic abnormalities.>

Conventional ~ computer-aided  diagnosis
systems have been developed for more than two
decades; however, large-scale studies have shown
no significant benefit of such systems in enhancing
radiologists’ diagnostic performance.3* Such systems
do not facilitate differentiation between benign and
malignant breast lesions, resulting in numerous
false-positive results that require radiologist review,
which may lead to reader fatigue and unnecessary
additional investigations.

Currently, artificial intelligence—based
computer-assisted diagnosis (AI-CAD) is widely
implemented in mammography to improve
diagnostic accuracy and reduce radiologist
workload.>® The AI-CAD systems developed using
deep-learning algorithms make independent
decisions and self-learn without the need for
feature engineering and computation.” Artificial
intelligence algorithms have been applied to multiple
aspects of breast cancer screening, including risk
stratification, triage, lesion interpretation, and
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patient recall® As of 2022, the US Food and
Drug Administration has approved >15 Al
tools for mammography applications, including
density assessment, triage, lesion detection, and
classification.” Most commercial AI-CAD programs
provide heatmaps with abnormality scores.
Generally, higher abnormality scores indicate
more suspicious radiological features and a greater
likelihood of cancer.

Most existing evidence in the literature is
derived from population-based screening studies.>**!!
However, unlike other developed Asian countries
such as Singapore and Korea, Hong Kong lacks a
large-scale population screening programme.'>!3
Our patient population primarily consists of
symptomatic individuals. Evidence concerning
the application of AI-CAD in symptomatic breast
imaging is limited. This study aimed to evaluate
the potential of AI-CAD in Hong Kong, focusing
on the impact of radio-pathological phenotypes of
breast cancer on AI-CAD performance. We analysed
the distinctive characteristics of high-score versus
low-score breast cancers. We also discuss observed
strengths and limitations of AI-CAD in identifying
breast cancer.

Methods
Study population

In total, 488 consecutive patients with histology-
confirmed breast cancers were identified from a
prospectively maintained database managed by two
tertiary referral centres in Hong Kong during the
period between January 2020 and September 2022.
In our centres, all patients referred for diagnostic
mammography were symptomatic, presenting with
various clinical symptoms. We included patients
with breast cancers confirmed by core needle
biopsy under ultrasound guidance or stereotactic-
guided vacuum-assisted breast biopsy performed at
our centres. We excluded patients with diagnostic
mammography performed at outside facilities (n=6),
chest wall recurrence after mastectomy (n=14),
cancers identified only in axillary nodes (n=3),
tumour locations not feasible for mammography
(n=3), and mammographically occult breast cancers
undetectable by both reporting radiologists and
AI-CAD (n=64) [Fig 1]. Finally, 398 patients with
414 breast cancers and 347 unaffected breasts
were included in the study. Sixteen patients were
diagnosed with bilateral breast cancer. Among the
382 patients with unilateral breast cancer, 35 had
previously undergone contralateral mastectomy.

Image acquisition and analysis

Full-field digital mammography (MAMMOMAT
Inspiration; Siemens, Erlangen, Germany or
Selenia Dimensions; Hologic, Newark [DE], US)
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FIG 1. Inclusion and exclusion criteria

Abbreviations: AI-CAD = artificial intelligence—based computer-assisted diagnosis; MMG = mammography

was performed prior to each biopsy. The included
mammograms were exported and processed by a
commercial AI-CAD program (INSIGHT MMG,
version 1.10.2; Lunit, Seoul, South Korea), which is
approved by the US Food and Drug Administration
for lesion detection and classification in breast
imaging.’

The AI-CAD algorithm used in the current study
was developed and validated through multinational
studies.!#* This algorithm provides a heatmap
that highlights mammographic abnormalities and
generates a score ranging from 0 to 100 for each view
(craniocaudal and mediolateral oblique views). The
abnormality score is the maximum value for each
breast, reflecting the likelihood of malignancy.

All mammograms were interpreted by
radiologists subspecialising in breast radiology
(with 4 to 20 years of experience in breast imaging).
Mammography reports from the time of breast
cancer diagnosis were retrieved from the radiology
information system and retrospectively reviewed for
breast density, dominant mammographic features of
breast cancer, and any axillary lymphadenopathy. The
clinical findings, pathological results, and molecular
profiles of breast cancers were also recorded.
Breast density was categorised from 1 to 4 using
the BI-RADS (Breast Imaging Reporting and Data
System) classification.’® The cancers were classified
according to their dominant mammographic features
as asymmetrical density, mass (with or without
calcifications), calcifications alone, or architectural
distortion.

For breast cancers presenting as a mass
without calcifications, the tumour distances from
the chest wall and the tumour-to—breast area ratio
(TBAR) were measured in mammograms using the
picture archiving and communication system by
a radiologist with 2 years of experience in breast
imaging. Tumour distance from the chest wall was
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FIG 2. (a) Index cancer (white arrows) and measurement of tumour distance from
the chest wall on the picture archiving and communication system (PACS) [double
arrow]. (b) Measurement of tumour-to—breast area ratio by freehand region-of-
interest on the PACS, indicated by curved arrow (tumour area) and open arrows
(breast area)

defined as the shortest distance between the tumour
and the pectoralis major in the mediolateral oblique
view (Fig 2a). Tumours partially visible within
the lower breast in the mediolateral oblique view,
where the pectoralis muscle is not discernible, were
assigned a chest wall distance of 0 cm. The TBAR
was calculated via division of the tumour area by the
breast area, as measured using the freehand region-
of-interest tool (Fig 2b).
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TABLE 1I.

Median abnormality scores assigned by artificial intelligence—based

computer-assisted diagnosis according to clinical, radiological, and pathological
phenotypes of breast cancers (n=414)

No. (%) Median score P value
(IQR)

Palpable <0.001
No 130 (31.4%) 85.5 (42.8-97.9)

Yes 284 (68.6%) 97.8 (90.8-99.5)

Density <0.001
Entirely fatty 12 (2.9%) 98.7 (89.6-99.5)
Scattered fibroglandular 132 (31.9%) 97.8 (90.3-99.5)
Heterogeneously dense 259 (62.6%) 93.7 (563.7-99.0)
Extremely dense 1(2.7%) 82.5 (32.0-96.3)

Morphology (n=418) <0.001
Asymmetrical density 51 (12.2%) 68.4 (32.0-90.3)

Mass without calcification 170 (40.7%) 97.2 (75.4-99.3)
Mass with calcification 131 (31.3%) 98.6 (93.2-99.7)
Calcification alone 58 (13.9%) 92.0 (57.1-98.4)
Architectural distortion 8 (1.9%) 96.3 (90.8-99.2)

Lesion size,* cm (n=418) <0.001
<0.5 8 (1.9%) 88.7 (39.0-93.4)
>0.5-1 62 (14.8%) 70.1 (32.8-95.2)
>1-2 144 (34.4%) 94.8 (69.2-99.0)
>2-3 99 (28.7%) 98.2 (91.0-99.7)
>3 105 (25.1%) 97.9 (90.4-99.6)

Nodal involvement (n=417) 0.018
No 331 (79.4%) 95.0 (70.7-99.2)

Yes 86 (20.6%) 98.2 (84.8-99.5)

Biopsy result (n=417) <0.001
IDC 275 (65.9%) 98.0 (80.0-99.5)

DCIS 81 (19.4%) 91.5 (55.7-97.6)
ILC 2 (5.3%) 93.7 (73.2-99.1)
Mucinous 5(3.6%) 91.7 (65.5-95.6)
Papillary Cancer 6 (1.4%) 69.5 (17.8-97.4)
Others 18 (4.3%) 90.5 (56.6-98.7)

Profile (n=323) 0.012
Luminal A 93 (28.8%) 96.9 (70.8-99.2)

Luminal B 173 (563.6%) 98.2 (84.8-99.6)
HER2-enriched 31 (9.6%) 97.5 (89.5-99.4)
Triple-negative 6 (8.0%) 96.8 (56.3-99.0)

Abbreviations: DCIS =
receptor 2;IDC = inva;
interquartile range

ductal carcinoma in situ; HER2 = human epidermal growth factor
sive ductal carcinoma; ILC = invasive lobular carcinoma; IQR =

" Applied to the morphologies of mass without calcification, mass with calcification
and calcification alone

The radiologists matched the index lesion to
the AI-CAD heatmap to determine whether the
AI-CAD correctlylocalised the known cancer. When
the cancer was correctly localised by the AI-CAD,
an abnormality score of 230 was regarded as a true

Hong Kong Medical Journal

positive, whereas a score <30 was considered a
false negative. When the cancer was undetected or
incorrectly localised by the AI-CAD, this result also
was regarded as a false negative. Breast cancers with
abnormality scores of 290 and <30 were designated
as ‘high-score tumour’ and ‘low-score tumour,
respectively.

Statistical analysis

Abnormality scores are presented as medians with
interquartile ranges. The scores were analysed
according to patient symptoms, breast density,
mammographic findings, cancer histology, and
molecular profile using the Mann-Whitney U test
or Kruskal-Wallis H test. The AI-CAD abnormality
scores were divided into three intervals: 0 to <30,
30-90, and >90 to 100. The Chi squared test and
Mantel-Haenszel test for trend were used to analyse
associations with different factors. For cancers
presenting as a mass, mean abnormality scores
across various TBARs and distances to the chest
wall were evaluated using analysis of variance with
pairwise comparisons. Statistical analyses were
performed using SPSS (Windows version 26; IBM
Corp, Armonk [NY], US). P values <0.05 were
considered statistically significant.

Results

In total, 398 patients (mean age, 62.4 years; range,
35-100) with 414 breast cancers and 347 unaffected
breasts were included in the study. The cohort
consisted of two men and 396 women. Among the
414 breast cancer cases, 284 (68.6%) were palpable
(Table 1).

Distribution of abnormality scores

The median and mean abnormality scores for the
414 breast cancers were 95.6 and 80.6, respectively
(range, 0.4-99.9). The distribution of breast cancers
according to abnormality score interval is presented
in Figure 3. The sensitivity of the AI-CAD algorithm
in detecting breast cancers was 91.5%, based on
breast cancer identification using an abnormality
score of 230. Overall, 65.7% of breast cancers were
classified as high-score tumours, whereas 8.5% were
classified as low-score tumours with abnormality
scores <30; these low-score tumours were regarded
as false-negative cases. Table 1 presents the medians
and interquartile ranges of abnormality scores
according to clinical, radiological, and pathological
phenotypes.

Palpable lesions, cancers in entirely fatty or
scattered fibroglandular breasts, cancers presenting
as masses with or without -calcifications and
architectural distortion, and larger cancers were
associated with higher abnormality scores (all
P<0.001) [Table 1]. Invasive cancers had higher

©2024 Hong Kong Academy of Medicine. All rights reserved
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FIG 3. Distribution of breast cancers according to
abnormality score interval (n=414)

Abbreviation: AI-CAD = artificial intelligence—based computer-
assisted diagnosis

H>90

abnormality scores compared with ductal carcinoma
in situ (P=0.010). Axillary nodal status (P=0.078)
and cancer molecular subtype (P=0.820) were not
associated with abnormality scores (Table 2).

Phenotypic features of high-score breast
cancer

High-score breast cancers had higher prevalences of
palpable disease, cancers presenting as masses with
or without calcifications, invasive cancers, and larger
cancers (>1 cm) [Table 2].

Phenotypic features of low-score, false-
negative breast cancer

The false-negative rate for AI-CAD was 8.5%
(35/414). These cancers had higher prevalences
of non-palpable disease, cancers presenting as
asymmetrical densities, small cancers (<1 cm), and
locations in heterogeneously dense or extremely
dense breast tissue.

Impact of tumour-to—breast area ratio
and tumour distance from chest wall on
abnormality score

Overall, 158 cancers presenting as masses without
calcifications were included in this analysis. The
mean abnormality score for cancers with a TBAR
of >30% was significantly lower than for those with
a TBAR of <30% (86.7 vs 54.4; P<0.001). Tumours
bordering the chest wall (ie, distance of 0 cm
from chest wall) demonstrated significantly lower
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abnormality scores compared with those located 1
c¢m and =2 cm away from the chest wall (mean, 65.5
vs 89.2 vs 87.2; P<0.001).

Distribution of abnormality scores for
unaffected breasts

In the analysis of 347 unaffected breasts (regarded
as negative findings by reporting radiologists), the
median abnormality score was 0 (mean, 3.5; range,
0-81). Using a threshold score of 30, the false-positive
rate was 3.7% (13/347), indicating 96.3% specificity.
Most of these false positives (11/13) scored between
30 and 50; none scored >90. One case with known
postoperative changes from breast conservative
surgery showed stable mammographic finding for
10 years, scored 81 by AI-CAD. One case with a
breast cyst scored 73, which was confirmed via fine
needle aspiration cytology.

Discussion
Performance and potentials

Most AI-CAD algorithms provide heatmaps with
abnormality scores ranging from 0 to 100; a higher
score generally implies a greater likelihood of
cancer. Previous AI-CAD studies have used various
threshold scores; some set a threshold of 10 for
population screening,'®* whereas Weigel et al* set a
threshold of 28 for detecting malignant calcifications.
However, the clinical implications of the abnormality
score itself have not been clarified; a score range
from 10 to 100 may be too broad for distinguishing
malignancies in clinical practice. These aspects
highlight the need for further validation of the
appropriate reference score provided by AI-CAD
algorithms. In this study, we set the threshold at 30
because, unlike population screening approaches,
our patients were symptomatic individuals. A higher
threshold score appears more practical in the clinical
setting of symptomatic patients.

In our study, the AI-CAD algorithm detected
91.5% (379/414) of breast cancers with an abnormality
score of >30; of these 379 cancers, 71.7% exhibited
a high abnormality score of >90. The false-negative
rate of 8.5% is comparable to previously reported
rate for this AI-CAD algorithm.?

All cancers presenting as architectural
distortion in our study were correctly localised by
the AI-CAD, with abnormality scores >30; 87.5% of
them were assigned high abnormality scores of >90
(Fig 4a and b). Unlike cancers presenting as masses
or calcifications, cancers presenting as architectural
distortion remain challenging for radiologists to
detect and interpret.”>** Wan et al*® showed that
a standalone Al algorithm did not outperform
radiologists; however, with Al assistance, junior
radiologists demonstrated significant improvements
in diagnostic accuracy for architectural distortion.

©2024 Hong Kong Academy of Medicine. All rights reserved
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TABLE 2. Comparison of clinical, radiological, and pathological phenotypes of breast cancers between false-negative and true-
positive results of artificial intelligence—based computer-assisted diagnosis (n=414)"

Abnormality score (0-100) P value P value for
<30 (n=35) 30-90 (n=107) >90 (n=272) linear trend
Palpable <0.001 <0.001
No 19 (54.3%) 56 (52.3%) 55 (20.2%)
Yes 16 (45.7%) 51 (47.7%) 217 (79.8%)
Density n=36 n=110 n=268 0.004 <0.001
Entirely fatty 0 3 (2.7%) 9 (3.4%)
Scattered fibroglandular 3(8.3%) 9 (26.4%) 100 (37.3%)
Heterogeneously dense 31 (86.1%) 73 (66.4%) 55 (57.8%)
Extremely dense 2 (5.6%) 5 (4.5%) 4 (1.5%)
Morphology n=35 n=110 n=273 <0.001
Asymmetrical density 11 (31.4%) 27 (24.5%) 3 (4.8%)
Mass without calcification 13 (87.1%) 46 (41.8%) 111 (40.7%)
Mass with calcification 9 (25.7%) 11 (10.0%) 111 (40.7%)
Calcification alone 2 (5.7%) 25 (22.7%) 31 (11.4%)
Architectural distortion 0 1(0.9%) 7 (2.6%)
Lesion size," cm n=36 n=110 n=272 <0.001 <0.001
<0.5 1(2.8%) 5 (4.5%) 2(0.7%)
>0.5-1 14 (38.9%) 27 (24.5%) 1(7.7%)
>1-2 12 (33.3%) 39 (35.5%) 93 (34.2%)
>2-3 7 (19.4%) 16 (14.5%) 6 (27.9%)
>3 2 (5.6%) 23 (20.9%) 0 (29.4%)
Nodal involvement n=35 n=109 n=273 0.078 0.025
No 32 (91.4%) 90 (82.6%) 209 (76.6%)
Yes 3 (8.6%) 19 (17.4%) 64 (23.4%)
Biopsy result n=36 n=110 n=271 0.010
IDC 23 (63.9%) 58 (52.7%) 194 (71.6%)
DCIS 6 (16.7%) 33 (30.0%) 42 (15.5%)
ILC 2 (5.6%) 6 (5.5%) 4 (5.2%)
Mucinous 0 7 (6.4%) 8 (3.0%)
Papillary cancer 2 (5.6%) 1(0.9%) 3(1.1%)
Others 3(8.3%) 5(4.5%) 0 (3.7%)
Profile n=25 n=73 n=225 0.820
Luminal A 9 (36.0%) 22 (30.1%) 62 (27.6%)
Luminal B 10 (40.0%) 40 (54.8%) 123 (54.7%)
HER2-enriched 3 (12.0%) 5 (6.8%) 3 (10.2%)
Triple-negative 3 (12.0%) 6 (8.2%) 7 (7.6%)

Abbreviations: DCIS = ductal carcinoma in situ; HER2 = human epidermal growth factor receptor 2; IDC =
ILC = invasive lobular carcinoma

" Data are shown as No. (%), unless otherwise specified
T Applied to the morphologies of mass without calcification, mass with calcification and calcification alone

One case of breast cancer presenting as
asymmetric density in heterogeneously dense breast
tissue was missed by the reporting radiologist but
detected by AI-CAD, which assigned an abnormality
score of 68. The cancer was later identified by the
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invasive ductal carcinoma;

radiologist via ultrasound, which is part of routine
workup for symptomatic patients in our centre.
Retrospective review indicated that the asymmetric
density was visible on mammography (Fig 4c and d).
In a study by Kim et al,? 40 of 128 mammographically
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FIG 4. Cases illustrating the strengths of artificial intelligence—based computer-assisted diagnosis (Al-CAD). (a) A 52-year-old woman presenting

with a right breast mass.The mediolateral-oblique mammographic view shows an architectural distortion (white arrow) in the upper right breast. (b)
The AI-CAD program successfully detected this asymmetrical distortion within heterogeneously dense breast tissue, assigning a high abnormality
score of 97.(c) A 55-year-old woman with a subtle asymmetrical density, identified as ductal carcinoma in situ on biopsy. The mediolateral-oblique
mammographic view shows a subtle asymmetrical density (white arrow) in the upper left breast. The reporting radiologist did not detect the lesion
on mammography but detected it via concurrent diagnostic ultrasound. (d) The AI-CAD program detected the subtle asymmetrical density, assigning
an abnormality score of 68. (e) A 50-year-old woman with bilateral polyacrylamide gel implants presenting with a small lump in the left breast.The
mediolateral-oblique mammographic view shows that the gel had been injected into various layers of the anterior chest wall (behind and within breast
tissue, subcutaneous layer; and muscle). A subtle group of amorphous calcifications is visible in the upper left breast (white arrow). (f) The AI-CAD

program detected these grouped calcifications in the context of breast augmentation, assigning a high abnormality score of 91

occult breast cancers were correctly identified by
the Al algorithm, demonstrating its added value in
detecting such cancers.

The 64 cases of mammographically
occult breast cancer not detected by either the
AI-CAD or the radiologists were excluded from
the study. Of these cases, 84.3% were found in
heterogeneously dense and extremely dense breast
tissue (BI-RADS 3 and 4).!° Dense breast tissue is
recognised as a significant feature associated with
mammographically occult and missed cancers.””-*
We suspect that mammographic signs of cancer are
masked or obscured by dense breast parenchyma,
thus evading detection by the AI-CAD. Conversely,
both radiologists and the AI-CAD tended to more
effectively detect cancers in fatty breasts.'

In our study, the AI-CAD correctly localised
a small breast cancer with a high abnormality score
(>90) in a patient with polyacrylamide hydrogel
(PAAG)-injected augmentation mammoplasty
(Fig 4e and f). The diagnosis of breast cancer after
PAAG-injected augmentation mammoplasty is
challenging. Lesion visualisation may be masked
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by the presence of polyacrylamide gel, and
extravasated polyacrylamide gel may mimic a lesion
on mammography, potentially delaying early cancer
detection. In such cases, assessments of suspicious
calcifications and parenchymal distortion within
visible breast parenchyma are considered the
main goals of screening mammography.*** The
effectiveness of AI-CAD in detecting breast cancer
among patients with augmentation mammaplasty
remains uncertain, warranting further studies.

Detection challenges and future directions

Isolated cases of large, clearly visible lesions that
evaded AI detection have been described by Lang
et al*®* and Choi et al."”® To our knowledge, our study
is the first to investigate factors contributing to
such evasion. In this study, the Al algorithm tended
to underscore cancers presenting as large masses
(Fig 5a and b). Cancers with a TBAR of =30% had
significantly lower mean abnormality scores relative
to those with a ratio of <30%. Tumours bordering the
chest wall (0 cm distance) also showed significantly
lower abnormality scores than those located away

©2024 Hong Kong Academy of Medicine. All rights reserved
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FIG 5. Cases illustrating the limitations of artificial intelligence—based computer-assisted diagnosis (Al-CAD). (a) A 48-year-old
woman presenting with a left breast mass. The craniocaudal mammographic view shows a retracted left breast mostly replaced
by a large, irregular, high-density mass with dermal infiltration and suspected pectoralis involvement. (b) The AI-CAD program
detected the tumour but assigned it a low abnormality score of 30. (c) A 48-year-old woman presenting with a right breast
mass. The mediolateral-oblique mammographic view shows an irregular mass with indistinct margins in the periareolar region
of the right breast with nipple retraction (white arrow). (d) The AI-CAD program correctly localised the right breast mass but
assigned a low abnormality score of 19, despite the presence of nipple retraction. (e) A 57-year-old woman presenting with a
right breast mass. The mediolateral-oblique mammographic view shows a large right breast mass with diffuse skin thickening
(white arrows). (f) The AI-CAD program detected the breast mass but assigned a low abnormality score of 32, despite the
presence of diffuse skin thickening. (g) A 62-year-old woman—uwith a history of breast-conserving surgery for breast cancer—
exhibited local recurrence on surveillance mammography. The previous mediolateral-oblique mammographic view shows
postoperative changes and macrocalcification in the upper right breast; no suspicious lesion was identified. (h) The follow-up
mediolateral-oblique mammographic view shows a newly developed small, irregular mass (white arrow) in the upper right
breast adjacent to the macrocalcification; biopsy confirmed invasive carcinoma. (i) The AI-CAD program did not detect this
lesion, assigning a low abnormality score of 8

Hong Kong Medical Journal  ©2024 Hong Kong Academy of Medicine. All rights reserved



from the chest wall. The underlying cause remains
unclear; however, these findings highlight concerns
regarding the use of AI-CAD as a standalone tool
for triaging cases in symptomatic populations. We
also noted that the AI-CAD missed certain cancers
with obvious findings, such as nipple retraction and
diffuse dermal thickening (Fig 5c to f).

Moreover, the inability of AI-CAD to compare
mammograms with previous studies may hinder
its effectiveness in specific scenarios, such as the
detection of subtle developing symmetries and
identification of early recurrence in postoperative
cases (Fig 5g to i). In contrast, radiologists can
compare mammograms with previous studies,
improving mammogram interpretation accuracy.

Studies have shown that the diagnostic
performances of Al algorithms are comparable to
those of radiologists in terms of assessing screening
mammograms; the use of Al to triage screening
mammograms could potentially reduce radiologists’
workload.>*** We identified potential limitations
and weaknesses of AI-CAD in diagnosing breast
cancers under certain conditions, highlighting the
need for further large-scale studies to investigate
clinical applications of AI-CAD in symptomatic
patients.

Strengths and limitations

This study had several key strengths. To our
knowledge, it is the first to evaluate AI-CAD for
breast cancer detection in Hong Kong, using an
AI-CAD system that had not previously been
exposed to images from our centres during their
product development. Additionally, all digital
mammograms were obtained before biopsies,
avoiding any biopsy-related changes which could
potentially affect AI-CAD performance. Limitations
of the study include its retrospective design and
inclusion of cancer-enriched datasets, which may
lead to overestimation of AI-CAD performance;
the use of a single AI vendor, hindering applicability
to other AI algorithms; and the lack of BI-RADS
correlation. Furthermore, there was a lack of
information concerning progression in unaffected
breasts over an extended follow-up interval (=2
years), which could impact the false-positive rate
of the AI-CAD. An extended observation period is
needed to identify potential malignancies that may
have been initially missed by radiologists.

Conclusion

Unlike other developed cities or countries, Hong
Kong does not have population-based screening
programmes. The adoption and implementation
of Al programs in Hong Kong for breast imaging
remains in early stages, mainly due to ongoing
debates about efficacy and a lack of sufficient local
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data to support widespread application. Current
literature is almost entirely based on population
screening data, which may not be applicable to
cities without screening programmes. In our
study, AI-CAD demonstrated promising accuracy
in detecting breast cancers within symptomatic
settings; its performance varied according to radio-
pathological characteristics. To translate these
research findings into practical clinical applications,
further validation studies with larger sample sizes
are required; these would confirm the reliability of
AI-CAD systems. The development of protocols for
integrating AI-CAD into existing clinical workflows,
formulation of usage guidelines, and initiation of
training programmes for radiologists to effectively
utilise Al as a second reader are essential elements
of this process. Collaborations with information
technology departments and hospital management
are necessary to ensure successful integration.
Although further investigation is needed, this
study provides encouraging evidence to support
the use of AI-CAD as a breast cancer detection
tool in symptomatic settings, ultimately benefitting
patients.
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