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Introduction

Cancer is among the leading causes of deathworldwide, with
breast cancer being the most prevalent type among women
globally and in Brazil. This disease poses a significant public

health challenge due to its high incidence, mortality, and
morbidity rates.1,2

According to the most recent evidence, annual mammo-
graphic screening is recommended for women aged 40 to
74 years, as it is associated with earlier diagnosis, better
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Abstract Introduction Breast cancer is the leading cause of cancer-related deaths among women
in Brazil, highlighting the importance of early detection to improve outcomes. Artificial
intelligence (AI) has garnered considerable attention for its potential to enhance breast
cancer screening by reducing unnecessary exams, minimizing diagnostic errors, and
increasing efficiency and accuracy—exemplified by advanced tools like Mirai.
Materials andMethods The present retrospective study analyzed 1,000 patients who
underwent bilateral mammography from December 2019 to April 2024 at Hospital
Santa Casa de Porto Alegre. All mammograms extracted in digital imaging and
communications in medicine (DICOM) format were anonymized and processed by
the Mirai algorithm to generate risk scores. Predictive performance was evaluated
using discrimination metrics, such as C-index and area under the curve (AUC), as well as
threshold analyses (F1-score, Youden’s J) to estimate cancer risk.
Results Mirai obtained a C-index of 0.76 (95% CI: 0.72–0.80) and an AUC of 0.81. The
analysis further evaluated the F1-score and Youden’s J statistic in an attempt to
establish risk thresholds for cancer development.
Conclusion The results suggest that the Mirai model holds promise as a valuable tool
for breast cancer detection, particularly for early identification of high-risk patients.
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prognosis, less aggressive treatments, and reducedmortality
and morbidity. For women aged 75 years and older, screen-
ing should be considered only in thosewith a life expectancy
greater than 7 years. In younger women or in different
screening intervals, the balance between benefits and risks
becomes less favorable, and screening should be individual-
ized based on risk factors.3

Systematic reviews of randomized trials over the past
50 years have shown that mammographic screening for
women aged 50 to 70 reduces breast cancer mortality risk.
However, these findings mainly reflect older mammography
techniques and do not account for current treatment proto-
cols, which may limit their relevance. A 2016 systematic
review found moderate-quality evidence that mammogra-
phy reduces breast cancer mortality risk in women aged 50
to 59 years (RR: 0.86, 95% CI: 0.68–0.97, 7 trials), with amore
significant reduction inwomen aged 60 to 69 years (RR: 0.67,
95% CI: 0.54–0.83, 5 trials).4

To improve screening strategies, artificial intelligence (AI)
has gained increasing prominence in healthcare, particularly
for its ability to detect very small lesions beyond the sensi-
tivity of conventional diagnostic tools, support clinical deci-
sion-making through predictive scores, reduce unnecessary
invasive procedures and related adverse outcomes.5,6

In this context, Yala et al.7 developed a deep learning-
based risk model, named Mirai (Jameel Clinic), to predict
future breast cancer risk solely frommammographic images,
overcoming limitations of traditional clinical models.
Trained on over 210,000 mammograms and externally vali-
dated in some institutions, Mirai demonstrated high accura-
cy (AUC 0.76–0.79, at 5 years) and outperformed
conventional models such as Tyrer-Cuzick (MagView). The
model identifies high-risk patients not detected by tradition-
al methods and shows potential for individualized risk
stratification, improving screening programs and enabling
personalized preventive interventions.7

Despite that, external validations need to be done in
several populations with diverse clinical and environmental
characteristics. Therefore, we validated this AI model using
mammograms, with and without a cancer diagnosis, to
predict the risk of breast cancer over a period of 5 years in
a cohort of women from southern Brazil.

Materials and Methods

The present retrospective observational study selected from
medical records 1,000 women who had a bilateral screening
mammography examination (2-dimensional digital mam-
mography) between December 2019 and April 2024 at
Hospital Santa Casa de Porto Alegre. The data obtained
from medical records were birth date, date of the first
mammography, and date of the last mammography.

The inclusion criteria were female patients, between 20
and 90-years-old, who underwent at least 2 mammography
exams with positive and negative diagnoses for breast
cancer.

The exclusion criteria were patients with only one mam-
mography exam.

The authors provided justification for the waiver of the
informed consent form.

Procedures

Hospital Santa Casa de Porto Alegre
The researchers accessed the medical records of eligible
patients and selected mammography exams through the
CareStream system. Once a patient’s exam was selected,
the following steps were performed:

a) Downloading the digital imaging and communications
in medicine (DICOM) images format standard of mam-
mography: left craniocaudal (L-CC), left mediolateral-
oblique (L-MLO), right craniocaudal (R-CC), and right
mediolateral-oblique (R-MLO).

b) Images were anonymized through software developed
by Empresa Pública de Tecnologia da Informação e
Comunicação da Prefeitura de Porto Alegre (PRO-
CEMPA, “Porto Alegre Company of Public IT and Com-
munications”), which removes all information that
could identify the patient.

c) Using the same software, the anonymized image was
sent to a PROCEMPA S3 storage, with access via login
and password.

d) An Excel (Microsoft Corp.) table was filled with the
coding of each patient and the information mentioned
above. A flag was placed on patients who developed
cancer.

e) All data were sent to PROCEMPA using Transport Layer
Security (TLS).

Empresa Pública de Tecnologia da Informação e
Comunicação da Prefeitura de Porto Alegre (PROCEMPA)
This company has developed an anonymization software to
facilitate the secure transfer of medical imaging exams in
DICOM format from the infrastructure of the Hospital Santa
Casa to its own. Considering that these exams contain
sensitive patient information, the anonymization process
was strategically designed to ensure data privacy and com-
pliance with regulations governing the handling of personal
health information. By implementing this solution, the sen-
sitive metadata associated with the exams is automatically
removed or replaced with nonidentifiable attributes before
leaving the hospital’s infrastructure, requiring no additional
effort from the personnel selecting the images.

After the anonymized mammography images and the
Excel table containing patient data are transferred to PRO-
CEMPA’s infrastructure, they are securely stored in an Ama-
zon S3 (Amazon.com, Inc.) compatible storage solution
within PROCEMPA’s private datacenter. Following storage,
the subsequent steps are taken:

a) The OncologIA software developed by PROCEMPA
retrieves the anonymized mammography images
from the S3 storage.

b) For each patient, OncologIA collects all four standard
DICOM images (L-CC, L-MLO, R-CC, R-MLO) and con-
structs aWeb service (WS) payload, which is then used
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as input data for Mirai’s WS (the API that performs the
inference against the AI model), which is running as a
Docker container within PROCEMPA’s infrastructure.8

c) After the WS’s response, Mirai’s output (prediction
scores) and associated data (Excel table [Microsoft
Corp.]) are stored in a dedicated database. This cen-
tralized repository facilitates the organization and
accessibility of results for subsequent statistical analy-
sis and performance evaluation of the Mirai model.

d) The stored results are used to evaluate the performance
of the Mirai model.

The C-index and the area under the receiver operating
characteristic (ROC) curve (AUC) for 1 to 5 years outcomes
were calculated to evaluate the overall performance of the
Mirai model, providing an aggregate measure of its ability to
distinguish positive and negative cases.

Additionally, key metrics such as the F1-score and You-
den’s J statistic were calculated to determine the optimal
thresholds for prediction cancer risk. These statistical eval-
uations provide critical insights into the model’s effective-
ness and guide further refinement to improve its predictive
capabilities. The F1-score threshold prioritizes a balance
between precision and recall, aiming to minimize false
positives and negatives. On the other hand, Youden’s J
aims to maximize the model’s overall effectiveness by iden-
tifying the threshold that optimally balances sensitivity and
specificity. This approach enhances the model’s ability to
distinguish between patientswith andwithout breast cancer
while minimizing misclassification.

The current study was approved by the Santa Casa de
Porto Alegre’s Research Ethics Committee by number

6.676.546. The authors provided justification for the waiver
of the informed consent form.

Results

The total sample comprised 1,000 female patients, of whom
underwent two bilateral mammograms. For this study, the
earliest availablemammogram for each patient was selected.
From the selected mammogram, all standard views were
obtained, including L-CC, L-MLO, R-CC, and R-MLO. It took
1,000 exams to train the AI Mirai in our population.

A total of 1,000 patients aged 20 to 90 years were included
to achieve the sample size required for appropriate calibra-
tion of the AI Mirai in our population. Notably, over 85% of
participants were between 40 and 75-years-old, as illustrat-
ed in ►Fig. 1.

Among these patients, 174 (17.4%) were already known to
have breast cancer at the time of the study, with mammo-
grams that presented breast imaging reporting and data
system (BI-RADS, American College of Radiology) category
6, confirmed by prior biopsy. This group was essential for
assessing the model’s ability to accurately predict breast
cancer in patients with confirmed diagnoses. Additionally,
743 (74.3%) patients did not develop breast cancer and
formed the control group used to evaluate the model’s
specificity and false-positive rates (BI-RADS 2; routine
screening). The remaining 83 (8.3%) individuals were in
remission from breast cancer. The inclusion of this last
subgroup contributed not only by assessing the model’s
capacity to differentiate between patients in remission and
those at risk of developing the disease but also by evaluating
its ability to identify patientswith an active cancer diagnosis.

Fig. 1 Patients distribution by age group.
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This diverse group provided a robust foundation for validat-
ing the model’s predictive performance across a range of
clinical scenarios.

►Fig. 2 illustrates the distribution of patients who under-
wentmammographyover the 5-year follow-up period. In the
1st year (2019–2020), 148 patients (14.8%) underwent mam-
mography. The 2nd year recorded the highest number of
exams, with 385 patients (38.5%). In the 3rd year, 269
patients (26.9%) underwent mammography, followed by
176 patients (17.6%) in the 4th year. In the 5th and final
year, only 22 patients (2.2%) underwent the exam.

Also, the risk of developing breast cancer within 5 years
was analyzed across the entire sample (►Fig. 3), with the
distribution of patients according to the interval between
their initial exam and follow-up at which they were diag-
nosed. The data shows that 14.8% of patients were diagnosed
within 1 year, 38.5% after 2 years, 26.9% after 3 years, 17.6%
after 4 years, and only 2.2% after 5 years.

The median number of mammograms performed per
individual included in the study is 3. The range of mammo-
grams performed per individual ranges from 2 (minimum) to
9 (maximum).

Fig. 2 Distribution of patients who underwent mammography over 5 years (total sample).

Fig. 3 Risk of developing breast cancer within 5 years.
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According to the AUC evaluation, Mirai achieved a 0.81
value (►Fig. 4). The C-index obtainedwas 0.76 (95% CI: 0.72–
0.80).

The selection of an appropriate threshold to evaluate risk
is critical in determining the performance and clinical
applicability of predictive models like Mirai. In this study,
analyzing the 1st year, we evaluate 2 potential thresholds
derived from the F1-score (0.0159) and Youden’s J statistic
(0.0038).

Discussion

Although the greatest benefit of breast cancer screening has
been reported in women aged 40 to 75 years, our inclusion
criteria encompassed patients aged 20 to 90 years in order to
reach the target sample size required for proper calibration
of the AIMirai in our population. Importantly, over 85% of the
sample was concentrated within the 40-to-75 age range,
which aligns with the population most likely to benefit from

Fig. 4 Performance of the Mirai deep learning model for breast cancer prediction.

Fig. 5 Patient risk classification based on F1-score threshold (red dots: patients with cancer; green dots: patients without cancer; orange dots:
patients undergoing treatment).
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screening. This broader age inclusion, while necessary from a
methodological standpoint, may introduce heterogeneity.
However, the predominance of participants in the clinically
relevant age group supports the robustness and applicability
of our findings.

According to a study by Swets,9 an AUC between 0.80 and
0.90 is considered excellent in many medical applications.
The optimal value can vary depending on the specific clinical
context and the consequences of false positives and false
negatives.9 Our result (0.81) was similar to the study of Yala
et al.,7 indicating strongdiscriminative power. Therefore, this
AI deep learning model demonstrated promising predictive
capabilities for breast cancer.

It is crucial to acknowledge that relying solely on these
statistical measures for risk threshold determination may
not be sufficient. As highlighted by Lamb et al., clinical
context and patient-specific factors play a significant role
in risk assessment. They compared the Mirai risk assessment
model to traditional risk models, demonstrating the poten-
tial of deep learning models to improve risk stratification for
supplemental screening with magnetic resonance imaging
(MRI).10

The choice between these thresholds has significant clini-
cal implications. In this research, the F1-score threshold
(0.0159) offers a lower false positive rate (9.93%) and iden-
tifies 55.74% of patients who developed breast cancer. How-
ever, the Youden’s J threshold (0.0038), while increasing
sensitivity (76.43% of cancers detected), comes at the cost
of a substantially higher false positive rate (27.85%). ►Fig. 5

graphically presents the AI inference results (Y-axis) for each
patient (X-axis). The threshold that separates the layers (red
for high risk and green for low risk)was determined based on
the F1-score. In the graph, red points represent patients who
developed cancer, green thosewho did not, and orange those
undergoing treatment.

The F1-score threshold, with a lower false positive rate,
may be preferable in contexts where minimizing unneces-
sary follow-ups is a priority. Conversely, the Youden’s J
threshold could be more suitable in situations where
higher sensitivity is needed, such as when early detection
is paramount and resources for follow-up are readily
available. Ultimately, the choice of threshold should be
informed by the clinical context, resource availability, and
the institution’s tolerance for the trade-offs between
sensitivity and specificity. Another critical consideration
when selecting a threshold is the institution’s capacity and
willingness to manage false positives, as these generate
additional diagnostic procedures, treatments, and tests, all
of which incur costs and may burden the healthcare
system.

The clinical significance of Mirai is further highlighted by
its ability to identify patients at significantly higher risk of
breast cancer. During the first year of analysis, the AI model’s
inference results (where a higher value indicates a higher
risk) were, on average, more than five times higher for
patients who developed breast cancer compared to those

who did not (0.028 vs. 0.005, respectively). This significant
difference underscoresMirai’s potential to effectively stratify
patients based on their individual risk levels, enabling more
targeted and personalized preventative or therapeutic inter-
ventions. Despite that, dense breast tissue limits the sensi-
tivityofmammographyexams,which could impact theMirai
performance.11

As described in the Methods section, we did not collect
clinical data from the patients recruited for the study.
Several authors support the ability of the AI Mirai to
estimate breast cancer risk solely from mammographic
images, without requiring additional clinical information.
Yala et al.7 pioneered a model that predicts future breast
cancer risk based exclusively on mammographic images,
overcoming the limitations of traditional models that rely
on demographic and laboratory data. Similarly, Lehman
et al.12 showed that AI tools applied directly to mammo-
grams can enable personalized and efficient screening
strategies without the need for supplemental clinical
data. clinical data. Lamb et al.,10 further demonstrated
Mirai’s accuracy by comparing predictions based solely on
digital mammograms with those of traditional models.
Omoleye et al.13 reinforced this capability showing that
Mirai performs robustly even in populations with limited
access to specialized care, where clinical data collection can
be challenging. Arasu et al.14 and Park et al.15 also con-
firmed Mirai’s superior performance over models based on
clinical information, validating its effectiveness exclusively
with digital mammograms and in diverse population con-
texts. Collectively, these studies indicate that Mirai AI
represents a significant advance, enabling individualized
and accurate risk stratification through mammographic
image analysis alone.

Regarding cost-effectiveness, Hill et al.16 showed a mone-
tary benefit to the UK National Health Service (NHS) when
usingMirai in thebreast cancer screening program, stratified
by risk, based on quality-adjusted life-years (QALYs), com-
pared to the current screening program. Specific risk-strati-
fied breast cancer screening regimens (RSBCRs), determined
by risk thresholds, have shown annual economic benefits to
the NHS that can reach £60.4 million (US$77.3 million) per
year.16

Avendano et al.17 also evaluated Mirai in a cohort of
3,110 Mexican women. Their analysis showed that Mirai
achieved a C-index of 0.63 (95% CI: 0.6–0.7). In their study, a
Mirai index score>0.029 (10% threshold) was used to
identify high-risk individuals. The authors reported that
individuals in the high-risk group had nearly three times
the risk of developing breast cancer compared to those in
the low-risk one.17

This pilot study has some limitations. First, because it
focused on validating Mirai AI within a specific population,
relevant medical data for correlating with the findings were
not collected. However, previous studies have demonstrated
that, unlike traditional clinical risk models such as Tyrer-
Cuzick and the Gail Model (National Institute of Health), this
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algorithm estimates breast cancer risk solely from mammo-
graphic images, without requiring additional clinical or
demographic information, as described above. This is the
main advantage of AI Mirai.

Second, the study’s retrospective design and small sample
size of mammography images represent a limitation, al-
though the AUC and C-Index results were consistent with
two larger retrospective studies.10,12 Third, 5-year follow-up
data were not available for all patients included in the study.
Fourth,whilewe usedAUC to assess the AImodel’s predictive
performance, relying solely on this metric may not be suffi-
cient for comprehensive validation. However, our findings
demonstrated strong discriminatory performance, compa-
rable to other studies.

Conclusion

The Mirai AI tool demonstrated promising capabilities in
predicting which patients are at high risk of developing breast
cancerwithinthenext5years. TheC-indexvaluewassimilar to
that reported in the study by Yala et al.,7 reinforcing the
model’s consistency. Additionally, the high AUC demonstrated
here indicates strong predictive performance. This AI algo-
rithm has the potential to complement existing breast cancer
risk guidelines and enhance experts’ interpretation. The
results of this study, including the calculated F1-score and
Youden’s J thresholds, will be instrumental in designing a
future clinical trial to prospectively validate the Mirai model
and establish clinically relevant risk thresholds.
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