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False Negative and False Positive Cases of Al in Mammography
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Introduction

Breast cancer remains a significant global health
issue, and early detection is pivotal for improving
patient outcome (1-4). Breast cancer screening using
mammography has been increasing continuously
over the past decade and it places a substantial
workload on breast radiologists (5-6). In recent
years, many retrospective studies have indicated that
employing artificial intelligence (AI) considerably
reduced the workload of breast radiologists while
improving screening performance (8-14). However,
the reliability of such Al tools demands scrutiny,
particularly in real-world clinical settings.

In mammography utilizing Al, diagnostic errors—
false negatives (FNs) and false positives (FPs)
are critical challenges that significantly impact
diagnostic accuracy. Understanding these issues
helps to discern both the strengths and limitations
of Al tools in breast cancer detection and screening.

This review will focus on cases of FNs and FPs
in mammography interpretation using Lunit Al
system.

1. Overview of Al Mammography

Al algorithms, especially those using deep
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learning, are increasingly used to interpret
mammograms. Their goal is to improve early
cancer detection by identifying patterns associated
with malignancy, including microcalcifications,
architectural distortions, and masses (15-19).
However, despite their power, AI models are prone
to errors, specifically FNs and FPs.

+ False Negative (FN): Al misses a malignant
lesion, reporting no abnormal findings despite
cancer being present.

« False Positive (FP): Al identifies a suspicious
lesion incorrectly flagged as malignant when
it’s actually benign.

2. False Negative Cases

FN is a serious error in mammography since it
delays diagnosis and treatment, potentially leading
to worse outcomes for patients.

(1) Causes of False Negatives
1) Dense Breast Tissue

o Dense breast tissue makes it challenging
to differentiate between cancerous lesions
and surrounding tissue. Al algorithms, like
radiologists, struggle with reduced sensitivity in
dense breasts (Fig. 1).

O Breast density is a major risk factor, and about
40-50% of Asian women have dense breasts,
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increasing the chance of missed cancers.
2) Subtle or Inconspicuous Lesions

o Early-stage cancers such as ductal carcinoma
in situ (DCIS) or small invasive tumors may
not have clear visual markers. Al models
trained primarily on obvious cancers might
miss subtle findings (Fig. 2).

0 Lesions near the pectoral muscle or behind the
nipple may be hard to detect.

3) Algorithmic Bias and Training Gaps

o Al models may be trained on data from
Western populations, limiting generalizability
across ethnic groups (e.g., Asian populations).

O Models may fail to recognize atypical patterns
of malignancy or rare forms like triple-negative
breast cancer, which behave differently on
imaging (Fig. 3).

4) Lack of comparison with prior images

o Although the AI program has shown excellent
performance, there is currently no Al program
capable of comparing results with prior images.
Therefore, newly detected subtle findings may

be missed (Fig. 4).
(2) Clinical Impact of False Negatives

Missed cancers can significantly delay the
initiation of critical treatments, such as surgery,
chemotherapy, or radiation. In addition, FN cases
may erode patient trust in screening programs,
potentially discouraging future participation.
Moreover, interval cancers—those diagnosed
between scheduled screenings—are often more
aggressive and typically discovered at more advanced
stages, making them harder to treat effectively (19-
21).

3. False Positive Cases

FP occurs when Al detects an abnormality that
is ultimately benign. While not life—threatening,
FPs can create psychological, financial, and clinical
burdens.

(1) Causes of False Positives

1) Overinterpretation of Benign Lesions

o Al models trained for high sensitivity may
flag fibroadenomas, cysts, or calcifications as

Fig. 1. False negative case in a 61-year-old woman who underwent screening with mammography and an artificial intelligence
(Al) system. (a) Screening mammography and Al system show no abnormalities in dense breasts. (b) Screening ultrasound
reveals a 11 mm invasive ductal carcinoma in the right breast at the 10 o'clock position.
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suspicious, increasing false positives (Fig. 2).

o This "over—call" behavior is designed to ensure
minimal FN but increases the FP rate.

2) Benign Mimics of Malignancy

o Scarring, benign ductal hyperplasia, or
intramammary lymph nodes can appear

Fig. 2. Concurrent false negative and false positive findings
on Al system in 53-year-old woman. (a) Right craniocaudal
(CC) view shows a low Al score of calcifications. The Al
system did not detect other suspicious lesions. (b) Right
CC view shows subtle asymmetry in the outer portion,
identified by the radiologist (circle). (c) Ultrasound image
reveals a 10 mm invasive ductal carcinoma observed during
the diagnostic workup. No malignancy was found in the
right retroareolar calcifications flagged by the Al system.

suspicious on mammography. Al may lack the
nuanced judgment radiologists develop through
clinical experience.

3) Variability in Al Model Calibration

o Some Al models are tuned for higher
sensitivity to avoid missing cancers but sacrifice
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Fig. 3. False negative case in a 39-year-old woman presenting with a left breast mass, which the Al system interpreted as a
benign tumor and did not flag. (@) Mammography shows a well-defined, oval-shape hyperdense mass in the left lower inner
breast. (b) The Al system did not detect any suspicious lesion. (c) Ultrasound images reveal a 29 mm invasive ductal carcinoma.

specificity. This is especially problematic in 5) Post—treatment changes or Scarring
screening programs, where most women are
healthy. o Patients with prior surgery or radiation therapy
might have scar tissue that resembles abnormal
4) Lack of Contextual Interpretation breast tissue, potentially confusing imaging
system, including Al and leading to missed
o Al models typically analyze static images and diagnoses of recurrent cancers (Fig. 5).
may not incorporate other relevant clinical
data (e.g., family history, hormonal status). 6) Lack of comparison with prior images
Radiologists, on the other hand, use such
context to reduce unnecessary recalls. o For similar reasons seen in FN case, mass or

asymmetry and calcifications that show no
change over several years may be incorrectly
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marked as FPs (Fig. 6).

(2) Clinical Impact of False Positives

FP results can lead to significant patient anxiety,
as women may experience unnecessary stress from
additional imaging or biopsies. These follow—up

o
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Fig. 4. False negative case in a 63-year-old woman,
who underwent a right lumpectomy for invasive ductal
carcinoma 6 years ago. (a) Mammography shows a small,
high-density asymmetry in the right upper posterior area,
overlapping the pectoralis muscle. (b) The Al system did not
detect any suspicious lesion. (c) A prior view from 1 year
earlier shows that the lesion was not visible at that time. (d)
Ultrasound image shows an 8mm invasive ductal carcinoma.

procedures, such as diagnostic mammography,
ultrasound, or biopsy, also contribute to increased
healthcare costs. Furthermore, FPs can result in
overdiagnosis, where indolent or slow—growing
cancers that may never cause harm are detected,
potentially leading to overtreatment (22-24).

-135-



CHOHQHIAZIONOO|X| 2024;21:131-139

Lunit INSIG

4. Balancing Sensitivity and Specificity in Al
Models

Al systems must find a balance between
sensitivity, which ensures that all cancers are
detected, and specificity, which minimizes FPs.
High sensitivity reduces the risk of missed cancers
but may lead to a higher rate of FPs, while

Fig. 5. False positive case in a 52-year-old woman
who underwent a right lumpectomy 1 year ago. (a, b)
Mammography shows postoperative changes in the right
upper inner breast, and the Al system indicates a high
probability of abnormality. (c) Follow-up mammography
at 6 months shows a decreased extent of postoperative
changes, and the Al system also shows a reduced probability
of abnormality.

@ Lunit INSIGHT MMG v1.1.8.2

Low(08

8I-RADS Density

high specificity decreases FPs but increases the
likelihood of missing subtle cancers. To reduce
errors, the use of multiple imaging modalities, such
as breast ultrasound and MRI, can complement
mammography, especially for patients with
dense breasts or those at high risk (25-27). Al-
based multi-modality systems that combine
mammography, ultrasound, and MRI findings
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Fig. 6. False positive case in a 62-year-old woman who underwent a left mastectomy due to invasive ductal cancer. (a) The
image shows Al-provided marking for microcalcifications in the right breast. (b) A prior image from 1 year earlier shows that
the calcifications were noted (circle), with no interval change, confirmed by the radiologist.

show promise in lowering both FN and FP rates.
Additionally, studies demonstrate that human—AlI
collaboration—where Al serves as a second reader,
offering suggestions for radiologists to review and
confirm—improves diagnostic accuracy (1,4,28-
29). Radiologists can also provide critical clinical
context, especially in complex cases with prior
imaging histories, helping to address limitations in
Al’s decision—making process.

5. Future Directions and Solutions

To enhance Al performance, it is essential to use
more diverse datasets that represent a variety of
populations, imaging technologies, and rare cancers.
Additionally, continuous learning systems that adapt
based on feedback from radiologists’ corrections
can improve the accuracy of Al models over time.
Personalized screening protocols, where Al models
are tailored to specific populations—such as by
breast density or ethnicity—could help reduce
both FNs and FPs. Future Al systems may also
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integrate clinical data, including genetic information
and hormonal status, to provide more precise and
individualized predictions. Finally, regular quality
assurance programs, such as audits comparing
Al performance with radiologists’ interpretations,
will be critical in identifying biases or blind spots
in the models, ensuring ongoing improvement in
diagnostic accuracy (13,14 30).

Conclusion

Al in mammography has the potential to enhance
breast cancer detection, but it is not without
limitations. False negatives and false positives
pose significant challenges, each with different
clinical and psychological impacts. An ideal
approach combines Al tools with expert radiologist
oversight, ensuring a balance between sensitivity
and specificity. Continuous advancements in Al
technology, along with diverse training datasets and
multi-modality systems, will be key to minimizing
these errors in the future.
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