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Abstract

Objectives To validate the performance of Mirai, a mammography-based deep learning model, in predicting breast
cancer risk over a 1–5-year period in Mexican women.

Methods This retrospective single-center study included mammograms in Mexican women who underwent
screening mammography between January 2014 and December 2016. For women with consecutive mammograms
during the study period, only the initial mammogram was included. Pathology and imaging follow-up served as the
reference standard. Model performance in the entire dataset was evaluated, including the concordance index (C-
Index) and area under the receiver operating characteristic curve (AUC). Mirai’s performance in terms of AUC was also
evaluated between mammography systems (Hologic versus IMS). Clinical utility was evaluated by determining a cutoff
point for Mirai’s continuous risk index based on identifying the top 10% of patients in the high-risk category.

Results Of 3110 patients (median age 52.6 years ± 8.9), throughout the 5-year follow-up period, 3034 patients
remained cancer-free, while 76 patients developed breast cancer. Mirai achieved a C-index of 0.63 (95% CI: 0.6–0.7) for
the entire dataset. Mirai achieved a higher mean C-index in the Hologic subgroup (0.63 [95% CI: 0.5–0.7]) versus the
IMS subgroup (0.55 [95% CI: 0.4–0.7]). With a Mirai index score > 0.029 (10% threshold) to identify high-risk individuals,
the study revealed that individuals in the high-risk group had nearly three times the risk of developing breast cancer
compared to those in the low-risk group.

Conclusions Mirai has a moderate performance in predicting future breast cancer among Mexican women.

Critical relevance statement Prospective efforts should refine and apply the Mirai model, especially to minority
populations and women aged between 30 and 40 years who are currently not targeted for routine screening.

Key Points
● The applicability of AI models to non-White, minority populations remains understudied.
● The Mirai model is linked to future cancer events in Mexican women.
● Further research is needed to enhance model performance and establish usage guidelines.
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Graphical Abstract

The applicability of AI models to non-White, minority populations and diverse clinical settings remains 
understudied. Our study demonstrates that the Mirai model is also effective in predicting future breast cancer 
events in Mexican women, albeit with slightly lower C-indices (0.63).
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Objectives: To validate the performance of Mirai, a 
mammography-based deep learning model, in predicting 
breast cancer risk over a 1–5-year period in Mexican 
women

In 2014, a 61-year-old woman had a negative 
screening mammogram. However, in 2016, a new 
suspicious nodule was detected on a screening 
mammogram. Subsequent histology revealed a 
diagnosis of low-grade ductal carcinoma in situ

Flowchart depicting the inclusion of patients into the study Comparison of Kaplan-Meier survival curves of 
high- vs low-risk patients, using a Mirai index 
score threshold > 0.029 to define high-risk 
patients

Introduction
Breast cancer remains the most common cancer among
women globally, and early detection is imperative for
effective intervention. Opportunistic mammography-
based screening programs targeting women aged 40–70
years have been pivotal since the 1980s [1–3], with age as
the predominant criterion for screening eligibility [4, 5].
However, in Latin America, where many underprivileged
women face barriers to accessing opportunistic screening,
the reliance on such screening programs is not as effective
as in many high-resource countries and further exacer-
bates existing social disparities [6–8]. Indeed, breast
cancer disparities may be explained by many factors,
including access, socioeconomic status, and lifestyle [9].
While substantial advancements in breast cancer detec-
tion and intervention have been made over the past three
decades, leading to over 40% reduction in mortality rates
in certain high-resource countries, low-resource countries
continue to face significantly higher mortality rates in
comparison to high-resource countries. In low-resource
countries, incomplete cancer registries and outdated
healthcare technologies, such as analog mammography
systems and limited cloud storage, impede the integration
of emerging technologies, such as artificial intelligence

(AI), that can positively impact and improve healthcare
systems in the most affected regions [9].
Prioritizing extensive screening strategies beyond age-

based opportunistic screening is essential for early detection
and intervention across all age groups in low-resource
countries. Personalized, risk-based screening strategies are of
particular interest to improve outcomes [10–13]. To date,
breast cancer risk assessment has been advanced with various
statistical models, allowing patients at high risk of developing
breast cancer to be identified and thus undergo earlier and
more frequent screening. However, in low-resource coun-
tries, specialized clinics to identify and screen high-risk breast
cancer patients are lacking, and access to clinical information
needed to perform risk assessment using traditional statistical
risk models like Tyrer–Cuzick is limited. Moreover, it is
important to note that, both in low- and high-resource
countries, the use of statistical risk models is not standar-
dized; while physicians, including oncologists and breast
surgeons, may use traditional statistical risk models to
identify high-risk women, especially those with a family his-
tory of breast cancer or other relevant risk factors [14, 15],
these models have limitations [16–18] and often overlook
genetic variations, lifestyle choices, environmental influences,
breast characteristics such as tissue density, and disease
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heterogeneity [13]. Additionally, most statistical risk models
have primarily been tested in White American populations,
leading to overestimation or underestimation and hence
reduced predictive accuracy in diverse non-White and min-
ority populations [14–18]. Therefore, it is crucial to validate
the accuracy and reliability of alternative, accessible tools and
models for breast cancer risk assessment in diverse groups
[19, 20].
In recent years, AI models like the Mirai model have

shown promise for breast cancer risk assessment [21].
However, it is important to note that thorough evaluation
across diverse populations is crucial for responsible
AI implementation [19, 22–25]. The Mirai model, a
mammography-based deep learning model trained on a
large dataset from Massachusetts General Hospital, has
been validated internationally, outperforming traditional
statistical models and previous deep learning risk models
across datasets [21, 26]. However, it has not been tested in
a primarily Latin American, non-US-born Hispanic
population. Moreover, it is worth noting that Mexicans
are ethnically recognized as Hispanic/Latin American,
mainly of mixed European and Indigenous ancestry with
Spanish descent, while Brazilians, also in Latin America
and who were included in a previous Mirai study valida-
tion, are not considered Hispanic, with demographics
comprising 47.7% White and 43.1% of mixed African and
European ancestry [27]. Additionally, while Mirai has
shown high accuracy in identifying high-risk patients, its
evaluation has mainly involved mammograms from
Hologic units [21, 26].
Our main objective was to validate Mirai’s performance

in predicting breast cancer risk over a 1–5-year period in
Mexican women.

Methods
Study sample and data collection
This retrospective study received approval from the
local institutional ethical committee (protocol number:
P000542-MIRAI-MODIFICADO-CEIC-CR002). The
local institutional ethical committee also provided a
waiver for written informed consent.
A comprehensive retrospective review of the digital

mammography database was conducted at TecSalud, a
private hospital-based breast cancer center in Mexico.
The study identified 58,321 consecutive mammography
examinations (both diagnostic and screening examina-
tions) in 37,916 women who voluntarily underwent
mammography from January 2014 to June 2021. Subse-
quently, this was narrowed down to 20,297 screening
mammography examinations from January 2014 to
December 2016 (to ensure that all included women had
at least 5 years of follow-up) in 13,028 women. Women
were excluded if they were younger than 40 years, had an

incomplete mammography examination (missing at least
one of the four conventional views), lacked 5-year follow-
up data, or had a mammography examination categor-
ized as Breast Imaging Reporting and Data System (BI-
RADS) 5 (high suspicion of malignancy). While patients
could have undergone more than one mammography
examination during the study period, only the first
mammography examination was included in our analy-
sis. After exclusions, the final study sample comprised
3110 screening mammography examinations in 3110
women. We included patients regardless of their history
of prior breast surgery, presence of breast implants,
atypical lesions, or a personal history of previous cancer.
Mammography examinations were performed using
either a Lorad Selenia mammography unit (Hologic, New
Rochelle, USA) or a Giotto Tomo mammography unit
(IMS, Sasso Marconi, Italy). Cancer outcomes (i.e.,
cancer-positive vs. cancer-negative case) and tumor
characteristics were obtained from the institutional
tumor registry and from medical records.

Determining a cancer-positive and cancer-negative case
All cases had a follow-up period of at least 5 years.
Cancer-positive cases were defined as cases with a diag-
nosis of either invasive breast carcinoma or ductal carci-
noma in situ within the follow-up period, confirmed
through pathology. For cancer-negative cases, screening-
based follow-up criteria were used to confirm the absence
of cancer within the follow-up period.

Risk prediction using the Mirai model
The Mirai model has been made freely available as an open-
source tool for research purposes. We applied the model to
mammographic examinations of the patients in our study to
predict each patient’s risk of developing cancer within the
follow-up period following their mammographic examina-
tion. No image processing was performed. Only image
anonymization was carried out by removing patient names
while preserving essential information of the image (size,
resolution, view, and laterality) [21].
The Mirai model, akin to the Tyrer–Cuzick or Gail

model, provides a continuous risk index designed to
predict risk rather than diagnostic outcomes. Unlike
clinic-based diagnostic tools, Mirai lacks a predefined
cutoff value and relies on recommended guidelines for
application. A crucial aspect is assessing Mirai’s correla-
tion with true and censored events, often quantified using
the concordance index (C-index), a key metric for eval-
uating predictive accuracy.

Statistical analysis
For the Mirai model, model performance was evaluated
using the C-index. We also determined the area under the
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receiver operating characteristic curve (AUC) which is
typically used in the literature to assess model perfor-
mance. Additionally, we determined the model’s sensi-
tivity, specificity, positive predictive value (PPV), negative
predictive value (NPV), diagnostic accuracy, and relative
risk (RR) [28, 29]. For displaying and analyzing receiver
operating characteristic curves, the pROC package (ver-
sion 1.18.2) in R was used.
The calibration of the Mirai model (i.e., how well the

model’s predicted outcome frequencies agree with the
actual observed outcome frequencies) was evaluated using
the observed rate / expected rate (O/E) ratio.
For comparing the performance of the Mirai model

between two different mammography imaging systems,
the DeLong test was used to test for significant differences
between AUCs.
Correlation between breast density, BI-RADS category

assessment, and Mirai 5-year risk score was also assessed
using Kendall’s Tau statistic (τ).
Finally, the clinical usefulness of Mirai continuous risk

index’ was assessed by determining the high-risk thresh-
old, following the standard practice of identifying the top
10% of patients in the at-risk category. Subsequently, RR
values, confusion matrices, and Kaplan–Meier survival
curves were computed for patients in the high-risk group
versus others, considering cancer events and time to
event development. The significance of differences in
Kaplan–Meier survival curves between the high-risk
group and others was tested using the log-rank test [30].
All statistical analyses were done in R (version 4.2.3, The

R Foundation for Statistical Computing). p-values < 0.05
were considered significant.

Results
Patient sample characteristics
From January 2014 to December 2016, a total of 3110
patients (median age 52.6 years ± standard deviation (SD)
of 8.9) underwent screening mammography and were
included in the analysis. Among these patients, 3034
(98%) (median age 51.8 years ± 8.7) remained cancer-free
over the 5-year follow-up period, while 76 (2%) (median
age 55.1 years ± 9.7) were diagnosed with breast cancer
(Fig. 1). The mean time to a cancer diagnosis was 3 years,
ranging from a minimum of 4.5 months and maximum of
6 years. Table 1 gives the characteristics of the entire
patient sample, including age, breast density, personal
history of breast cancer, family history of breast cancer,
and BI-RADS category. Table 2 presents the character-
istics of the 76 breast cancers, including histology. Three
examples of cancer-positive cases are presented in Fig. 2
and Supplementary Figs. S1, S2 (Electronic Supplemen-
tary Material).

Performance of the Mirai model
The Mirai model achieved a mean C-index of 0.63 (95%
confidence interval (CI): 0.6–0.7) (Table 3), an overall
AUC of 0.63 (95% CI: 0.6–0.7) (Supplementary Fig. S3),
an overall O/E ratio of 0.99 (95% CI: 0.78–1.25) (p= 1.0),
and an RR of 2.7 (95% CI: 1.6–4.5). Supplementary
Table S1 gives the sensitivity, specificity, PPV, NPV, O/E
ratio, and RR of the Mirai model for the prediction of a
breast cancer diagnosis in the entire dataset across the
entire follow-up period.
When comparing the performance of the Mirai model

between the two mammography system subgroups, i.e.,
the Hologic subgroup and the IMS subgroup, the Mirai
model achieved a higher mean C-index for the Hologic
subgroup vs. the IMS subgroup (C-index of 0.63 [95% CI:
0.5–0.7] vs. 0.55 [95% CI: 0.4–0.7]) (Table 3). The Mirai
model also achieved a higher AUC for the Hologic sub-
group (Supplementary Fig. S4) than for the IMS subgroup
(Supplementary Fig. S5) (AUC of 0.6 (95% CI: 0.5–0.7) vs.
0.55 (95% CI: 0.4–0.7)), but statistical superiority could
not be conclusively asserted due to the limited IMS
dataset. Regarding the O/E ratio, the Mirai model
achieved an O/E ratio of 0.97 (95% CI: 0.75–1.2; p= 0.9)
in the Hologic subgroup and an O/E ratio of 0.98 (95% CI:
0.6–1.5; p= 1.0) in the IMS subgroup. Supplementary Fig.
S6 graphically compares the distribution of the Mirai
continuous risk index scores between the two mammo-
graphy system subgroups.

Correlation between BI-RADS category and Mirai 5-year
risk score
Kendall’s Tau correlation analysis revealed a significant
positive correlation between BI-RADS category and Mirai
5-year risk score (τ= 0.1; p= 2.73 ×10−12).

Correlation between breast density and Mirai 5-year
risk score
Kendall’s tau correlation analysis revealed a significant
positive correlation between breast density and MIRAI
5-year risk score (τ= 0.07; p= 5.67 × 10−12).

Use of the Mirai model to identify patients at high risk
High-risk threshold values for the Mirai risk index in the
entire dataset, in the Hologic subgroup, and in the IMS
subgroup were determined by using the top subjects at
high risk, with 90% specificity. Using a threshold of 0.029
for the entire dataset, patients in the high-risk group had
an RR of 2.68 compared to other patients. Using a
threshold of 0.033 in the Hologic subgroup, patients in the
high-risk group had an RR of 2.8. On the other hand,
using a threshold of 0.017 in the IMS subgroup resulted in
a non-significant RR of 1.55 (Supplementary Figs. S7–S9).
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Kaplan–Meier disease-free survival plots were generated
for high- and low-risk patients. For the entire sample, there
were 323 high-risk individuals, 2787 low-risk individuals,
and 3034 censored cases with 76 events. Additionally, sec-
ondary analyses were performed specifically for patients
younger than 55 years and patients 55 years or older. Sig-
nificant differences were found between high- and low-risk
groups (p < 0.001), suggesting that the model effectively
identified high-risk subjects (Supplementary Figs. S10–S12).

Discussion
The use of mammography-based deep learning models to
predict whether an individual will develop breast cancer in the
future has been studied in various populations. Our study
aimed to validate the performance of the Mirai model in
predicting breast cancer risk over a 1–5-year period in
Mexican women. Our findings demonstrate that the Mirai
model achieved moderate predictive performance, as

indicated by a C-index of 0.63 (95% CI: 0.6–0.7) for the entire
dataset. Notably, when comparing performance between
Hologic and IMS mammography systems, the Mirai model
exhibited a higher mean C-index in the Hologic subgroup
(0.63 [95% CI: 0.5–0.7]) compared to the IMS subgroup (0.55
[95% CI: 0.4–0.7]). Furthermore, with a Mirai risk index score
> 0.029 (10% threshold) to identify high-risk individuals, the
study revealed that individuals in the high-risk group had
nearly three times the risk of developing breast cancer com-
pared to those in the low-risk group. The group identified as
high-risk at the 5-year exhibited a lower survival rate com-
pared to those at low risk, as evidenced by the Kaplan–Meier
curves. These results underscore the potential clinical utility
of the Mirai model in stratifying breast cancer risk among
Mexican women undergoing screening mammography.
In the multi-institutional validation study of the Mirai

model previously published by Yala et al [26], they com-
prehensively assessed Mirai’s performance across diverse

Fig. 1 Flowchart depicting the inclusion of patients into the study. BC, breast cancer; BI-RADS, Breast Imaging Reporting and Data System; MG,
mammograms; n, number of mammography studies
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settings in five different countries. Notably, the study
primarily used Hologic mammograms, and the Mirai
model consistently achieved impressive accuracy (C-
indices of 0.69–0.78) across validation sites, excluding
recent cancer diagnoses. This highlights Mirai’s potential
in utilizing deep learning to enable personalized screening
programs with precise breast cancer risk assessments.
In our evaluation of the Mirai model, we found that it

achieved moderate predictive performance, as indicated
by an overall C-index of 0.63. Additionally, across two
distinct mammography systems, namely Hologic and
IMS, we observed variations in predictive accuracy. The
Mirai model demonstrated superior performance in the
Hologic subgroup (C-index: 0.63) compared to the IMS
subgroup (C-index: 0.55). Similarly, the model exhibited
moderate discriminative ability in the Hologic subgroup
(AUC: 0.63), whereas predictive accuracy decreased in the

IMS subgroup (AUC: 0.55). However, due to the limited
IMS dataset, statistical superiority between the subgroups
could not be conclusively determined. Although circum-
stantial evidence suggests a lack of substantiation for the
model’s predictive efficacy in IMS, our study is one of the
few investigations exploring the impact of different
mammography equipment.
In a recent study, Omoleye et al [31] externally eval-

uated the Mirai model in a racially diverse population
enriched with high-risk individuals, such as those
with BRCA mutations or African Americans. Analyzing
6435 screening mammograms from 2096 female patients,
the Mirai model demonstrated promising accuracy, with
1- and 5-year AUCs of 0.71 and 0.65, respectively. Our
results closely align with those reports, supporting the
hypothesis that Latin American women may face a
higher-than-average risk and emphasizing the importance
of exploring diverse ethnic groups to understand breast
cancer risk factors.
When evaluating the ability of the Mirai model to

identify high-risk women in our study, those classified
above the 90% threshold exhibited significantly shorter
survival compared to others (p < 0.01), with an RR indi-
cating a threefold higher cancer frequency.
Our study has several limitations, including potential

biases in data collection, such as our criteria for selecting
patients for inclusion in the study. However, we aimed to
accurately represent our clinical environment. Our small
sample size, more evident for the IMS system than for the

Table 2 Characteristics of cancer-positive cases within the
patient sample (n= 76)

Imaging findings and characteristics Number of cases

Histology

Invasive ductal carcinoma 46 (60.5%)

Ductal carcinoma in situ 13 (17%)

Invasive lobular carcinoma 6 (8%)

Invasive ductal carcinoma + ductal carcinoma

in situ

8 (10.5%)

Othera 3 (4%)

Number of years to cancer diagnosis

0.4b–3 years (short term) 34 (44.7%)

< 1 year 4

1–2 years 14

2–3 years 16

> 3–6 years (i.e., long term) 42 (55.3%)

3–4 years 26

4–5 years 9

5–6 years 7

a In the “other” category, there were two mucinous cancers and one tubular
cancer
b Refers to a 4-month period

Table 1 Characteristics of the patient sample at the time of the
initial mammographic study

Total patients

analyzed

(n= 3110)

Cancer-negative

cases (n= 3034)

Cancer-positive

cases (n= 76)

Age in years

(median ± SD

[range])

52.6 ± 8.9 [40–90] 51.8 ± 8.7 [40–90] 55.1 ± 9.7

[40–73]

40–49 years 1428 1402 26

50–59 years 1069 1044 25

60–69 years 487 468 19

70–79 years 114 109 5

> 80 years 12 11 1

Breast densitya

No-dense (A, B) 1132 (36%) 1108 (37%) 24 (32%)

Dense (C, D) 1978 (64%) 1926 (63%) 52 (68%)

Personal history of breast cancer

No 2680 (86.2%) 2615 (86.2%) 65 (85.5%)

Yes 430 (13.8%) 419 (13.8%) 11 (14.5%)

Family history of breast cancer (in a first-degree relative or in ≥ 3 second-

degree relatives)

No 2601 (83.6%) 2539 (83.7%) 62 (81.6%)

Yes 509 (16.4%) 495 (16.3%) 14 (18.4%)

BI-RADS category

BI-RADS 0 605 (19%) 583 (19%) 22 (29%)

BI-RADS 1, 2 2505 (81%) 2451 (81%) 54 (71%)

Mammography unit

Hologic 2425 2360 65

IMS 685 674 11

a Breast density was assessed according to the 5th edition of the American
College of Radiology Breast Imaging Reporting and Data System (BI-RADS) atlas,
whereby breasts are classified into one of four breast density categories: A =
almost entirely fatty; B = scattered areas of fibroglandular density; C =
heterogeneously dense; and D = extremely dense

Avendano et al. Insights into Imaging          (2024) 15:244 Page 6 of 9



Hologic system, because of a significant lack of data
during the 5-year follow-up of the patients, reflects the
real-world scenario. Another limitation of our study is
that not all mammography system vendors were included,
underscoring the need for future research to address
differences in performance across systems. Further
investigation may be required to validate our findings.

Prospective efforts should refine and apply the Mirai
model, especially to minority populations and women
aged between 30 and 40 years who are currently not
targeted for routine screening.
In conclusion, our study demonstrates the moderate

effectiveness of the Mirai model in assessing future breast
cancer risk among Mexican women. There is a need to

Fig. 2 Example of a true-positive case where Mirai correctly predicted a future interval cancer. Bilateral digital mammograms (craniocaudal and
mediolateral oblique views) of a 51-year-old woman. In 2014, screening mammography yielded a negative result (BI-RADS 2—benign findings) (A, B); the
Mirai score for this screening mammography examination was 0.084. In 2018, a new suspicious nodule appeared (BI-RADS 3—probably benign findings)
(C, D). Six-month follow-up (E) showed significant growth of the previously detected suspicious nodule (BI-RADS 5—highly suggestive of malignancy).
Histology confirmed triple-negative breast cancer

Table 3 Overview of the performance of the Mirai model across all time points, assessed using the area under the receiving operator
characteristic curve (AUC) and the concordance index (C-index)

Mean C-index

(95% CI)

1-year AUC

(95% CI)

2-year AUC

(95% CI)

3-year AUC

(95% CI)

4-year AUC

(95% CI)

5-year AUC

(95% CI)

Entire patient sample

(3110)

0.63 (0.56–0.69) 0.63 (0.56–0.69) 0.63 (0.56–0.69) 0.63 (0.56–0.70) 0.63 (0.56–0.70) 0.63 (0.56–0.70)

Hologic subgroup

(2425)

0.63 (0.55–0.70) 0.63 (0.55–0.70) 0.63 (0.55–0.70) 0.63 (0.55–0.70) 0.63 (0.55–0.70) 0.63 (0.55–0.70)

IMS subgroup (685) 0.55 (0.41–0.69) 0.55 (0.42–0.68) 0.54 (0.40–0.69) 0.55 (0.41–0.69) 0.55 (0.41–0.69) 0.55 (0.41–0.69)
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optimize its performance in prospective studies and to
establish comprehensive usage guidelines.

Abbreviations
AUC Area under the curve
BI-RADS Breast Imaging Reporting and Data System
CI Confidence interval
NPV Negative predictive value
O/E Observed rate/expected rate
PPV Positive predictive value
RR Relative risk
SD Standard deviation
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