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Rationale and Objectives: This prospective study evaluated the performance of Al in a diagnostic clinic setting, comparing its ef-
fectiveness with radiologists of varying experience.

Materials and Methods: The study was conducted at a single center and included 1063 patients undergoing diagnostic or screening
mammography. Five radiologists with different experience levels assessed the images using the fifth edition of the BI-RADS lexicon.
Standalone Al software assigned risk scores (0—100), with scores above 30.44 considered positive. Al risk assessments were compared
with radiologists’ BI-RADS scores. Radiologists also re-evaluated Al-positive mammograms as a second look. Ground truth was es-
tablished through histopathology and two years of follow-up.

Results: Right and left breasts were analyzed separately, and 2126 mammography images were evaluated from 1063 women. A total of
29 cancers were diagnosed in 28 women. Among all examinations, 2.44% (52/2126) were positive, of which 46.15% (24/52) were true
positive. Standalone Al detected 82.75% (24/29) of cancers, and the majority voting of radiologists scored positive (BI-RADS 0,4 and 5)
in 8% (172/2126) where 89.65% (26/29) of cancers were detected. The AUC score of majority voting was 94.7% (95% CI: 91.1-98.3),
and Al was 94.4% (95% CI: 88.5-100). Al was statistically not significantly different than (p=0.79) AUC of the majority voting. The re-
evaluation assessment of Al-flagged images achieved an AUC of 94.8% (95% Cl: 91.2-98.3), significantly different from the initial
evaluation (p=0.015). However, it was not significantly different from Al (p=0.74).

Conclusion: Al algorithms in diagnostic settings can serve as effective CAD systems, aiding in breast cancer detection and reducing
inter-reader variability.

Data availability: The datasets generated during and/or analyzed during the current study are available from the corresponding author
on reasonable request.
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INTRODUCTION

reast cancer is the most common cancer in women.

According to 2024 statistical results, the incidence

of breast cancer is gradually increasing, but cancer
mortality is declining (1). Apart from increased awareness
and improvements in treatment, one of the main reasons for
the mortality decline is the earlier diagnosis through mam-
mography screening (1). However, the sensitivity of mam-
mography ranges from 80%—98% and reduces to under 70%,
as low as 30%—48%, in women with dense breast tissue (2,3).
On the other hand, breast cancer miss rate on mammography
ranges from 10% to 30% (4). Many reasons can be listed, such
as dense parenchyma that obscures a lesion, poor positioning
or technique, lesion location outside the field of view, lack of’
perception of an abnormality present, subtle features of
malignancy, or a slowly growing malignancy. Observer er-
rors are another important part of this list (4). A study by
Ikeda et al. showed that 10.6% of cases were missing due to
observer error (5). Significant causes of radiologist errors are
lack of perception and incorrect interpretation (due to lack of
experience, fatigue, and inattention) (4). In recent years,
double reading (two radiologists or CAD -Computer-aided
diagnosis- with radiologists) studies were carried out to re-
duce observer errors. These studies revealed an increase in
breast cancer detection rate by up to 15%. Double reading
with two radiologists is not sustainable because of the scarcity
of radiologists and economic costs. Also, double reading with
a CAD system is not widely used due to increased recall rate
and consequent patient anxiety, excessive follow-up, and
invasive diagnostic procedures (6-9).

Artificial Intelligence (AI) is a computer system that si-
mulates human intelligence with learning capacity. In recent
years the role of Al in medical imaging has rapidly grown
and Al has become the latest adjunct tool for cancer detec-
tion in breast imaging methods (10,11). Retrospective stu-
dies have been conducted on clinical data to validate Al
systems in breast cancer screening. One of the most extensive
retrospective studies by Larsen et al. demonstrated that Al
flagged 80.1% of screen-detected cancers and 30.7% of in-
terval cancers (12). Additionally, Sasaki et al. demonstrated
that the area under the curve (AUC) was higher for human
This

highlights Al’s potential to detect more cancers and improve

2

readers compared to a standalone Al system (13).

human-based screening when integrated into the screening
workflow as a second reader, although some cancers detected
by radiologists were missed by Al (12,13). Additional studies
further supported the role of Al in screening, showing its
contribution to identifying more cancers when used along-
side human radiologists (14,15). Moreover, several studies
have shown that Al reduces false-negative interpretations
without increasing benign biopsy rates (16—19). Recently,
prospective studies have started to explore Al’s role in
screening. One such study showed that replacing one radi-
ologist in double reading with Al led to a 4% higher cancer
detection rate, demonstrating the non-inferiority of Al-

supported double reading compared to traditional double
reading by two radiologists (20,21). Similarly, Lang et al.
reported that Al-assisted mammography screening achieved
comparable cancer detection rates. These findings provide
strong evidence supporting the integration of Al into the
mammography screening (20,22).

Most studies have focused on using Al as a second reader
or triage tool in screening settings. However, standalone Al
usage in diagnostic workflows is not yet approved for clinical
practice (23). Prospective diagnostic studies are needed to
evaluate the feasibility and effectiveness of standalone Al in
mammography interpretation.

Al holds significant promise in diagnostic workflows as a
supportive tool for radiologists. In this study, we aimed to
prospectively evaluate the performance of Al in a diagnostic
clinic setting and explore its implementation by comparing
its effectiveness with radiologists across varying experience
levels.

MATERIALS AND METHODS
Study Population

This prospective, single-institution study was performed in a
tertiary hospital breast clinic between April and July 2022.
The study included 1063 patients who applied for diagnostic
or screening mammography. Acibadem University and
Acibadem Healthcare Institutions Medical Research Ethics
Committee approved the study, and written informed con-
sent was obtained for each patient (date, number:
15.10.2020, 2020-22/23). The reporting of this study con-
forms to STROBE guidelines (24).

The study included women over 40 years old. Two views
-mediolateral oblique (MLO) and craniocaudal (CC)- were
acquired on full-field digital mammography (Senographe
Pristina™, GE Healthcare, United States of America).

The exclusion criteria were as follows: cases with tech-
nically inadequate mammography (4 cases); patients with
implants (50 cases); patients who had only tomosynthesis
images (209 cases) and patients with less than 2 years of
follow-up (72 cases). The study flowchart is given in
Figure 1.

Al System and Score Assessment

We used Lunit INSIGHT MMG version 1.1.7.1 (Lunit,
Seoul, South Korea), a commercially available Al-driven
mammography interpretation tool that employs convolu-
tional neural network algorithms. This software has received
approval from the U.S. Food and Drug Administration
(FDA). It analyzes MLO and CC 2D views of each breast,
generating a heatmap to indicate potential cancerous lesions.
The Al assigns a score ranging from 1 to 100 to each lesion,
reflecting the likelihood of malignancy. Our study's dataset
was entirely independent of the Al software's development.
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1398 Women enrolled for
prospective study

Y

335 Women exlcuded due to:

« Technically inadequate mammography (n=4)
Breast implants (n=50)

« Having only tomosynthesis images (n=209)
« Having less than 2 years of follow-up (n=72)

Each breast MMG of 1063
women separately assessed
(n=2126)

2126 MMGs

II Washout Period // —
L ) \

Al assesments

Second read of 52 Al positive
MMGs

U ~ )

Comparison

Figure 1.

All the mammography images were evaluated by Al
software. The software assigned scores between 0 and 100
and a risk score above 30.44 was considered positive (25).
The risk assessments of the Al software were compared with
the radiologists' Breast Imaging-Reporting and Data System
of the American College of Radiology (BI-RADS) scores
(26). The BI-RADS scores were dichotomized: BI-RADS
1-2-3 was considered negative, and BI-RADS 0—4-5 was
considered positive, as recommended by the BI-RADS
lexicon. Ground truth was assessed with histopathology re-
sults and two years of follow-up (26).

5018

Flowchart of the study. MMG: Mammography, Al: Artificial Intelligence, R4_s: Radiologist;_s.

Image Analysis

Assessments of radiologists and Al were recorded for each
breast of the women. Breast cancer ground truths were
decided with histopathology assessments and negative cases
were decided with 2-year negative follow-up. Five radi-
ologists (three radiologists with 5-10 years of experience,
one resident, and one with more than 20 years of breast
imaging experience in breast radiology) evaluated the images
blinded. Radiological findings were evaluated under the
guidance of the fifth edition of BI-RADS (26). The
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TABLE 1. Demographic Characteristics Distribution by Breast Densities

Breast Density Type A Type B Type C Type D P Value All Breast
Compositions

Number of 70 (6.6%) 278 (26.2%) 616 (57.9%) 99 (9.3%) - 1063
Women, (%)

Age, year* Mean 59.5 (x10.8) 56.4 (x11.5) 52.8 (x12.3) 50.5 (+13.8) <0.001% 54 (£12.4)
Median 58.5 (15.5) 55 (17) 49 (15) 45 (12) 50 (18)

40-49 15 (2.9%) 96 (18.5%) 339 (65.3%) 69 (13.3%) - 519

50-59 23 (9.4%) 85 (34.7%) 128 (52.2%) 9 (3.7%) - 245

60-69 17 (12.6%) 53 (39.2%) 61 (45.2%) 4 (3%) - 135

>70 15 (9.1%) 44 (26.8%) 88 (53.7%) 17 (10.4%) - 164

" First line is mean (+ standard deviation), second line is median (interquartile range)
2 Differences between Type B-C-D were assessed with Kruskal-Wallis test

evaluation was made only with current mammography
images; no additional information, such as prior mammo-
grams, clinical findings, or breast cancer risk assessment, was
included. Also, each radiologist underwent assessments solely
without additional imaging such as ultrasonography, tomo-
synthesis, magnification, or Al. After sole mammography
evaluation responsible radiologist of the case gave final
clinical decision with all of the extra information. The re-
sponsible radiologist alternated among all radiologists by case
basis. As a second step, radiologists re-evaluated all Al-po-
sitive mammography images as a second look with Al
findings following a one-year washout period. In dis-
cordance, the final assessment was done by majority voting
of all five radiologists. Al-negative images were considered
BI-RADS 2. Mammography density was classified according
to the BI-RADS lexicon 5th edition system by radiologists
with visual assessment. The final assessment is decided by
majority voting of all five radiologists. Al system analyzes
breast density and generates quantitative density assessment.
Al density score ranges from 1-10.

Statistical Analysis

All analyses were done with the R statistical language
(Austria, R Core Team, version 4.1.0). A confidence level of
0.95 was considered significant. Distribution of variables
assessed by Kolmogorov-Smirnov test, skewness, kurtosis,
and Q-Q plot. Age of women with different breast densities
compared with the Kruskal-Wallis test. The receiver oper-
ating characteristics (ROC) curve and area under the curve
(AUC) were analyzed. Statistical differences in the ROC
curves were compared with the DeLong test.

Cancer detection rate, accuracy, sensitivity, specificity,
positive predictive value (PPV, Positive predictive value of
recall), negative predictive value (NPV), and recall rate of the
radiologists, Al, and re-evaluation results were calculated.
Differences in accuracy, sensitivity, specificity, and recall rate
between Al and radiologists were evaluated with the Two-
Proportions Z test. PPV and NPV were compared with the

statistical package of Stock et al (27). The inter-reader
agreements among radiologists in BI-RADS were evaluated
using weighted Cohen’s kappa (28). Fleiss' Kappa was cal-
culated and compared for prior and reevaluation readings
(29). The kappa scores were interpreted as follows: a kappa
score of < 20, a poor agreement; 21-40, a fair agreement;
41-60, a moderate agreement; 61-80, a good agreement; and
81-100, an excellent agreement (28).

RESULTS

Right and left mammograms were evaluated separately, and
2126 mammography images of 1063 women (mean age:
53.98, SD: + 12.35, median age: 50, IQR: 18 years) were
evaluated. The demographics are given in Table 1. A total of
29 cancers were diagnosed in 28 women. Interval cancer was
not detected in the 2-year follow-up period.

Among all examinations, 2.44% (52/2126) had an Al score
above 30.44, of which 46.15% (24/52) were true positive.
Standalone Al detected 82.75% (24/29) of cancers; 70.83%
(17/24) were invasive, and 29.16% (7/24) were ductal car-
cinoma in situ (DCIS). The majority voting of radiologists
scored positive (BI-RADS 0,4 and 5) 8% (172/2126) of
patients and were able to detect 89.65% (26/29) cancers;
73.07% (19/26) were invasive cancers and 26.92% (7/26)
were DCIS. The median diameter of cancers was 21 mm.
Details of the histopathology of cases are given in Table 2.

Radiologists were able to detect 26 and standalone Al was
able to detect 24 of 29 cancers. Only one was marked with
Al and a risk score of 13; the other four cases were not
flagged with AI. All radiologists and Al missed three cases
(two DCIS and one invasive ductal carcinoma -IDCa-) Of
these three cases one was detected only on MRI, and the
other two were detected on ultrasound. In the two ultra-
sound-detected cases, the mammographic density was type
C, and the masses were obscured by fibroglandular tissue
(Table 3). The case, which was detected by MRI only, was a
non-mass lesion subsequently diagnosed as DCIS. Al failed
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TABLE 2. Characteristics of Detected Cancers

All Detected Cancer

Majority Voting of Radiologists

Al Detected Cancer

(n=29) (n=26) (n=24)
Pathological Subtype
DCIS
IDCa 19 18 16
ILCa 1 1 1
Molecular Subtype
Luminal A&B 15 14 12
HER2 Positive 3 3 3
Triple Negative 2 2 2
Tumor Diameter (mm)*? 20 (14) 21 (13.75) 21 (13.75)

" Values were given with median and interquartile range in parentheses
2 Post-surgery largest diameters were recorded, Al: Artificial intelligence, DCIS: Ductal carcinoma in situ, IDCa: Invasive ductal carcinoma,
ILCa: Invasive lobular carcinoma, Her2: human epidermal growth factor receptor 2

TABLE 3. Histopathological Characteristics of Cancers Missed by Al or Radiologists, and Al

Age Tumor Missed by Only Al or Histopathologic Subtype of the Tumors Breast Imaging Features
Size Radiologists and Al Diagnosis Density

85 17mm Radiologists and Al  IDC Luminal b (ER/PR +, Type C Detected by ultrasound as an
Her2 -,Ki 67 25%) irregular mass

57 35mm Radiologists and Al DCIS High-grade DCIS with Type C Detected by MRI as non-mass
comedo necrosis enhancement

38 27mm  Al-only IDC Luminal b (ER/PR +, Type D Focal asymmetry
Her2 -,Ki 67 18%)

51 13mm Al-only IDC Luminal a (ER/PR +, Type C Focal asymmetry
Her2 -,Ki 67 12%)

51 5mm Radiologists and Al DCIS Low-grade DCIS Type C Detected by ultrasound as

a mass

to detect the other two cases, diagnosed as IDCa. In these
cases, mammography density was type C, and the lesions
appeared as focal asymmetries (Fig 2).

Distribution of breast density assessments of radiologists
across breast density assessments of Al are given in Sankey
plot (Fig 3). Radiologists and Al density assessment showed
moderate agreement (0.602). The dataset used in this study
was rich in dense breasts (67.2% of mammograms were type
C and D breast density).

Radiologists showed AUC scores between 91.6-95.4%.
The AUC score of majority voting showed 94.7% (95% CI:
91.1-98.3). Al software performance (94.4%, 95% CI:
88.5-100) was statistically not significantly different than
(p=0.79) AUC of the majority voting. Re-evaluated MMGs
achieved an AUC of 94.8% (95% CI: 91.2-98.3), statistically
significantly different from the initial evaluation (p=0.015).
However, it was not statistically different from Al (p=0.74).
R OC curves of the initial evaluation, Al, and re-evaluation
of MMGs are given in Figure 4. ROC curves of all radi-
ologists in both initial evaluation and re-evaluation are given
in Supplementary 1. Initial evaluation and Al software
achieved 92% (95% CI: 91-93%) and 98% (98% CI: 98-99%)
accuracy, 90% (95% CI: 73-98%), and 83% (95% CI:
64—94%) sensitivity, 92% (95% CI: 91-93%) and 99% (95%

5020

CIL: 98-99%) specificity, 14% (95% CI: 9-19%) and 45%
(95% CI: 32-60%) PPV, 100% (95% CI: 100-100%) and
100% (95% CI: 99-100%) NPV respectively where radi-
ologists and Al found 24 (82.8%) and 26 (89.7%) cancers (2
radiologists only) respectively. Re-evaluation with Al
showed 92% (95% CI: 91-94%) accuracy, 90% (95% CI:
73-98%) sensitivity, 93% (95% CI: 91-94%) specificity, 14%
(95% CI: 9-20%) PPV, 100% (95% CI: 100-100%) NPV
with 26 (89.7%) cancers. Details of diagnostic performances
are given in Table 4. Further detailed explanation was given

—

for false positive cases of Al in Table 5 (Fig 5) Prior and
reevaluation assessment showed both poor to good inter-
reader agreement. Further details of pairwise agreements are
given in Figure 6. Priors and reevaluations showed no sta-
tistically significant difference (45.8 and 46 Fleiss Kappa

score, p=0.62).

DISCUSSION

This prospective study in a diagnostic setting showed similar
diagnostic performance between major voting of radiologists
and Al (AUC score 94.7% for radiologists and 94.4% for Al),
which was not elevated after re-evaluation of images with Al
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Lunit INSIGHT

Figure 2. 50-year-old woman with diagnosed invasive ductal carcinoma in the lower outer part of the right breast. (a) Full-field digital
mammogram (bilateral craniocaudal and mediolateral oblique view). Asymmetric density and minimal distortion were reported in the outer
lower part of the right breast by all radiologists and BI-RADS assessment category 4 was assigned (arrows). (b) Outline areas and scores are
shown in the Al-generated evaluation. The pathological area was not flagged by artificial intelligence.

markings (AUC: 94.8%). Recent studies show the standalone
Al sensitivity ranging from 76.9% to 89.7% in screening
(12,16,30). In this study, standalone Al
showed a sensitivity of 83% lower than that of radiologists at
90% similar to Sasaki’s et al. study that reported a sensitivity
of Al (85%) lower than radiologists (89%) (13). This differ-
ence can be attributed to the Al's independent evaluation of

environments

mammograms without the ability to compare the right and
left sides or prior studies. In two cases, the Al system failed to
detect focal asymmetries that can only be detected through a
comparative analysis of both breasts. This outcome is con-
sistent with findings in the literature, which suggest that such
discrepancies arise from differences in the methods used by
Al and radiologists to evaluate mammograms based on
varying image features (20). Integrating Al with human
evaluation outperforms both standalone Al and the double
reading by two radiologists, suggesting that incorporating Al
into clinical workflows can significantly enhance overall di-
agnostic accuracy (14,15,31). On the other hand, Al

displayed higher specificity and lower recall rates compared
to radiologists (p <0.001). Notably, the recall rate of Al in
our study was remarkably low at 2.5%, compared to the
significantly higher recall rate of radiologists at 8.9%. How-
ever, our dataset included a high proportion of dense breasts,
which may have contributed to the increased radiologists’
recall rate. Nevertheless, after re-evaluation, the recall rate
remained unchanged (8.6%) despite eliminating some Al-
generated false positives (Table 4). This finding is consistent
with previous reports and underscores the need for careful
consideration of AI’s role in reducing recall rates and im-
proving diagnostic accuracy (16,20,22). In our study, we
analyzed false positive Al markings with risk scores above the
threshold and outlined the reasons for these false positives in
Table 5. Almost all false positives were attributed to limita-
tions of the Al algorithm, including its inability to use in-
formation from prior mammograms, patient reports, or
anamnesis, as well as its lack of capability to compare the
right and left sides of the breast. After re-evaluation of Al-
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[c=1232]
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Figure 3. Sankey plot of the radiologists’ and artificial intelligence’s density assessment.

flagged cases, Al false positive cases were solved with radi-  multi-source data, such as prior imaging and clinical in-
ologist assessment. The issue of Al-generated false positives formation, is expected to significantly reduce these false
can be addressed in the future with advancements in Al- positives (13,15,23,32). On the other hand, our study

based algorithms highlighted in the literature, incorporating ~ showed a higher specificity at 99% with Al evaluation.
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Figure 4. Receiver operating characteristic curves of the initial evaluation, artificial intelligence, and re-evaluation of MMGs.
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TABLE 4. Diagnostic Performances of Various Modalities and Combined Approaches: A Comparative Analysis

Metrics Modality Comparison (P Value)
Prior Al Reevaluation Prior Prior vs Al vs
vs Al Reevaluation Reevaluation

Cancer Detection Rate* 12.2 11.3 12.2 0.89 1 0.89
Accuracy 92% (ClI:91-93%) 98% (Cl:98-99%) 92% (Cl:91-94%) <0.001 0.72 <0.001
Sensitivity 90% (Cl:73-98%) 83% (Cl:64-94%) 90% (Cl:73-98%) 0.70 1 0.70
Specificity 92% (CI:91-93%) 99% (Cl:98-99%) 93% (Cl:91-94%) <0.001 0.72 <0.001

PPV 14% (Cl:9-19%) 45% (Cl:32-60%) 14% (Cl:9-20%) <0.001 0.008 <0.001

NPV 100% (CI:100-100%) 100% (Cl:99-100%) 100% (Cl:100-100%) 0.21 <0.001 0.21

Recall rate 8.9% 2.5% 8.6% <0.001 0.75 <0.001

" Per 1000 screening, Al: Artificial intelligence, PPV: Positive predictive value of recall, TP/(number of positive screening examinations),
NPV: Negative predictive value.

TABLE 5. Analysis of false positive cases with artificial intelligence

Al Score

Radiologist
Assessment (BI-
RADS Lexicon

Diagnosis

Score)

49% 2 Vascular calcification

33% 2 Opacity with obscured margin; no changes found compared with previous mammography

48% 2 Opacity with obscured margin; no changes found compared with previous mammography

46% 2 Microcalcification; no changes found compared with previous mammography

43% 2 Scattered monomorphic microcalcification; no changes found compared with previous mammography

39% 2 Linear microcalcifications; plasma cell mastitis

66% 2 Scattered monomorphic microcalcification; same with contralateral breast and no changes found
compared with previous mammography

32% 3 Focal asymmetry; no pathology on US evaluation. No changes in 1 year follow-up

54% 3 Group punctate microcalcifications; Stabil on 1-year follow-up

55% 2 Architectural distortion; secondary to postoperative changes.

35% 2 Scattered monomorphic microcalcifications; no changes found compared with previous mammography

58% 0 Asymmetric density with monomorphic microcalcifications; MRI normal

38% 2 Periareolar heterogeneous microcalcifications; secondary to operation

41% 2 Postoperative heterogeneous macro and microcalcifications

40% 2 Skin calcifications

36% 2 Asymmetric density; symmetric with contralateral breast

40% 2 Focal asymmetry; no changes found compared with previous mammography

35% 2 Asymmetric density; symmetric with contralateral breast

54% 3 Group round monomorphic microcalcifications; no changes found compared with previous
mammography

32% 2 Focal asymmetry with scattered heterogeneous calcifications; no pathology on US evaluation. No
changes found compared with previous mammography

57% 2 Linear vascular microcalcifications

44% 0 Grouped punctate microcalcifications; progression with previous mammography. MRI
recommended.

1% 2 Focal asymmetry, macrocalcifications and marker according to previous benign biopsy; no

pathology on US evaluation. No changes found compared with previous mammography

A recent study by Lauritzen et al. reported that Al-based

Our AUC for Al is compatible with prior studies re-

screening sensitivity was non-inferior to that of radiologists
(P =.02) while achieving higher specificity (33). The higher
specificity of Al is a key strength and should be carefully
considered during clinical evaluation to help reduce recall
rates and improve specificity in human readings.

porting AI AUC values between 0.840 and 0.959 (14,34,35).
In our study, AUC for radiologists ranged from 91.6% to
95.2%. Notably, the radiologist with the highest AUC score
had the highest experience in breast radiology. Inter-reader
performance variability is a major problem in mammography
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Figure 5. Two different examples of Al-flagged cases with calcifications. (a) Screening mammogram of a 72-year-old woman. Left cra-
niocaudal (CC) and mediolateral oblique (MLO) views show linear vascular microcalcifications in the inner lower quadrant and BI-RADS
assessment category 2 was assigned by all radiologists (arrow). Outline areas and scores are shown in the Al-generated evaluation. The
vascular calcifications were flagged by Al with a score of 57% (above the threshold of 30.44). (b) Screening mammogram of a 52-year-old
woman. Right CC view and the prior CC are seen with the Al-generated image. A cluster of monomorphic microcalcifications is seen in the
outer upper quadrant of the right breast showing no change compared to the prior image. This area was flagged by Al with a score of 54%

(above the threshold of 30.44).

assessment and sensitivity in breast cancer detection has been
shown to vary from 74.5% to 92.3% (36). Consequently, this
study showed that Al performance was comparable to that of
experienced radiologists and holds the potential to reduce

inter-reader variability.
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One of the most important limitations of evaluation with

mammography s dense fibroglandular  tissue.
Mammographic sensitivity is significantly reduced in women
with dense fibroglandular breast tissue due to the ‘masking

effect’ of overlapping parenchymal structures, which can
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Figure 6. Prior (a) and reevaluation (b) pairwise Kappa score inter-reader agreement matrices.

obscure underlying malignancies (37). As a result, supple-
mental imaging modalities such as US and MRI have been
increasingly recommended to improve cancer detection rates
(37-39). In our study, three cases were not detected by either
Al or radiologists because of the ‘masking effect’. Among
these cases, two were detected by ultrasonography while the
remaining case was not visualized on ultrasound and was
subsequently detected only on MRI (Table 3).

Our study had several limitations. First, the data were
derived from a single institution, which may limit the gen-
eralizability of the findings. Second, all mammograms were
obtained using a single vendor's mammography device, po-
tentially introducing device specific biases. Third, the ma-
jority of the mammograms were normal, and the number of
cancer cases was relatively low. Specifically, there were 29
cancer cases among 1063 women, equating to 2.7 cancers
per 100 cases. Fourth, determining the risk score threshold of
the Al algorithm presented another limitation. Although the
threshold was set based on retrospective data repeated cali-
brations might be necessary (25). However, it is noteworthy
that only one case was missed by Al with a risk score of 13,
which was significantly below the threshold, and the re-
maining missed cases were not flagged by Al at all. Finally,
we did not evaluate the performance of double reading by a
radiologist combined with Al Instead, in the second step of
our analysis, we focused solely on Al-positive cases and
identified the reasons for the false-positive findings of the Al
system.

In conclusion, this prospective study conducted in a di-
agnostic setting provides valuable insights. It highlights the
implementation of AI CAD systems in daily clinical practice.
Our findings demonstrate that standalone AI exhibits diag-
nostic accuracy comparable to that of an experienced

radiologist, suggesting its potential integration of Al as a
second reader into daily workflows to reduce inter-reader
variability in diagnostic settings. However, further research
involving larger patient cohorts is needed to more accurately
evaluate the contribution of Al to routine diagnostic clinical
practice.
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