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Cancer screening can enable early detection and improve survival but
afocus onsingle cancers limits cost-effectiveness. Here we present
OMAFound (carcinOMA Finder foundation), afoundation model capable
of simultaneous multi-cancer screening at both organ level and patient
level using widely accessible non-contrast computed tomography

(CT). The model was developed and tested on 325,197 CT volumes from
151,386 patients across 10 Chinese and international datasets, achieving
performance comparable to mammography-based approaches for breast
cancer detection and matching existing lung-specific models for lung
cancer detection. In a prospective multi-centre cohort of 21,601 patients
undergoing low-dose CT screening, OMAFound demonstrated balanced
accuracy of 82.2% for breast cancer and 88.0% for lung cancer in females,
while attaining 86.1% balanced accuracy for lung cancer detection in males.
When assisted by OMAFound, 7 generalist radiologists showed improvement
insensitivity (meanincreases of 38.9% for breast cancer, 16.0% for lung
cancer and 21.3% at patient level), without compromising specificity. These
findings highlight the potential of OMAFound as a multi-cancer screening
tool to offer robust preventive medicine strategies with minimal costs.

Cancer is a major global health challenge and remains one of the
leading causes of mortality worldwide, with nearly 20 million new
casesand 9.7 million deaths reported in 2022". This substantial cancer
burden continues to escalate globally, driven by factors such as age-
ing populations and the prevalence of risk factors such as smoking,
obesity and unhealthy diets>*. Among the various types of cancer, lung
cancer stands as the most commonly diagnosed malignancy and the
leading cause of cancer-related deaths across populations, account-
ing for 12.4% of all new cases. Breast cancer follows closely behind
as the second most prevalent form, constituting 11.6% of new cases
and disproportionately affecting women. Despite cancer’s detrimen-
tal impact, the 5-year survival rate for early-stage cancer is notably

higher than that of late-stage disease*, underscoring the urgent need
for early detection.

Early detection of cancers through screening programmesin the
vast asymptomatic population generally shows improved survival
and outcomes™*, especially for high-risk cases, compared with those
diagnosed outside of surveillance programmes via standard clinical
diagnostic workflows. For instance, low-dose computed tomography
(CT) screening has resulted in amarked reductionin lung cancer mor-
tality”®, while mammography-based screening has been a universally
recommended standard for breast cancer detection for over three
decades®'°. However, medical image interpretationis a highly challeng-
ingtask for radiologists owing to anatomical complexity and cognitive
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load, particularly with volumetric imaging", leading to subjective
characterization and persistent intra- and inter-observer variability'>".
Predictive artificial intelligence (Al), withits robust capability to extract
representative features from medical images, has shown promising
results in cancer screening, including lung'* ¢, breast” > and pancre-
atic”” cancers. This potential is further validated by pioneer population
studies on real-world Al deployment, which demonstrate enhanced
cancer detection rates without negatively affecting the recall rates®*.

Despite the proven benefits of existing screening programmes,
they remain constrained by the ‘single test for one cancer’ paradigm,
where each imaging examination is optimized for detecting only
one specific cancer type. This approach necessitates multiple sepa-
rate screening examinations for comprehensive cancer detection,
increasing both out-of-pocket costs for patients® and cumulative ion-
izing radiation exposure risks**?. Non-contrast CT**, particularly low-
dose CT in physical examination centres, offers a low-cost and
widely accessible imaging solution, even in low-resource regions. Its
broad clinical applicability makes it an ideal candidate for imple-
menting a ‘single test for multi-cancer’ screening approach. How-
ever, detecting multiple abnormalities across diverse regions from CT
scans presents substantial challenges for conventional predictive
Almodels, which are typically designed for organ-specific analysis and
show limited cross-organ generalizability.

Recent advances inself-supervised learning (SSL)*-based founda-
tion models, leveraging task-agnostic representations from large-scale
unlabelled data, has sparked a renaissance in the medical Al field*°?'.
Although existing CT-focused foundation models have shown great
potential on multi-task scenarios®>*, such as imaging captioning,
detection and segmentation, their potential for multi-cancer screen-
ing faces three critical challenges. First, cancer screening requires
the sophisticated differentiation of malignancy from general positive
findings, a task substantially more complex than basic abnormality
detection. Second, CT is not currently a primary screening tool for
many cancers, including breast cancer. Thus, its potential value for
routine or opportunistic screening using Al remains unexplored. Lastly,
previous Al studies have primarily focused on model performance
alone, failing to validate real-world effectiveness through prospective
studies and how Al canimprove the screening outcomes atboth organ
and patientlevels.

In this study, we present OMAFound (carcinOMA Finder foun-
dation), a three-dimensional (3D) CT foundation model-driven
Al framework designed for automated multi-cancer screening in
asymptomatic populations with minimal costs (monetary, radiation
and time). We benchmark OMAFound’s performance against mam-
mography-based Almodels for breast cancer prediction, and existing
CT-based Almodels for lung cancer prediction using large-scale nation-
wide andinternational datasets. To assess the generalizability for multi-
cancer screening, particularly inlow-dose CT settings, we validate the
performance of OMAFound in a prospective real-world study across
4 medical centres with 21,601 participantsinvolved. To further evaluate
clinical applicability, we compare OMAFound’s predictions with those
made by seven generalist radiologists and subsequently explore the
potential benefits of Al-assisted radiological decision-making.

Results

Figure1outlines the overall study design of OMAFound. The pretrain-
ing stage of OMAFound is an SSL-based task-agnostic vision founda-
tion model using the SwinUNETR-V2* architecture (Supplementary
Fig.1). This architecture integrates residual convolution and Swin
transformer blocks, enabling efficient processing of 3D medical data
while capturing both local and global contextual features. The pretrain-
ing was conducted using a large-scale unlabelled dataset from Site
A-CTunlabeled and CT-RATE (associated with the CT-CLIP model®),
comprising 209,461 CT scans from 58,811 patients, without labelling
of clinical disease status. The effectiveness of OMAFound'’s pretraining

stage is validated on benchmark comparisons (Supplementary Tables
land?2)withstate-of-the-art CT-focused foundation models, including
MedVersa®, Merlin** and CT-CLIP*, as well as 3D extensions of base
models of DINO v2°¢ and ResNet-507.

To enhance OMAFound’s performance on cancer screening, we
further leverage labelled data to fine-tune task-specific downstream
modules (Supplementary Fig. 2) via a weakly supervised learning
adaptation stage. Labelled data in this study refers to patient-level
ground-truth status, categorized as either non-cancer, breast cancer
or lung cancer, determined by pathology-confirmed results or follow-
up screenings, respectively. Table 1 and Extended Data Fig. 1 provide
comprehensive details on CT dataset utilization and patient recruit-
ment criteria. Extended Data Table 1(Site A-MG, Site A-CTMG and Site
G) lists the mammography datasets for comparison purposes.

Both screening (low-dose CT) and diagnostic (standard-dose CT)
examinations were included for OMAFound model development for
several strategic reasons. Previous research has demonstrated that
including diagnostic examinationsinthe training process canimprove
model performance even when evaluating on screening examinations
exclusively'™. In addition, incorporating diagnostic examinations,
particularly those with cancer cases, can alleviate the class imbalance
encountered when training models solely on screening examinations.
Moreover, given the historically low screening rates in China, most
availableretrospective nationwide datasets predominantly consist of
diagnostic examinations, making their inclusion practically necessary
for model training.

The organ-specific breast cancer screening

Owingtothe non-standardized application of chest CT in breast cancer
screening, we had to retrospectively collect patients who had oppor-
tunistically undergone CT scans with either pathologically confirmed
breast diagnoses or remained cancer-free during follow-up observa-
tions to develop our task-specific breast module (Py,.,)- Specifically,
the breast module of OMAFound was developed using the fine-tuning
cohort of Site A-CTbreast with 16,979 patients (6,257 breast cancer).
Intheinternal test cohort of Site A-CTbreast containing 5,782 patients
(497 breast cancer), the module showed a balanced accuracy of 74.0%,
asensitivity of 68.0% and a specificity of 79.9% (Extended Data Table
2).Subsequent assessment on an external test cohort from Site B, con-
sisting of 1,716 patients (55 breast cancer), yielded a corresponding
performance of 76.6%, 74.5% and 78.7%, respectively. The area under
the receiver operating characteristic curve (AUC-ROC) for both test
cohortsisillustrated in Fig. 2.

Given that mammography remains the gold standard for breast
cancer screening, we additionally developed amammography-based
Al model as abenchmark for comparison with the CT-based breast
module. Asshownin Supplementary Fig. 3, this model, aderivative of
BMU-Net?, wasinitialized withits pre-trained weights and re-designed
todetect patient-level breast cancer by incorporating both cranial-cau-
dal and mediolateral oblique views of bilateral breasts, using 46,800
mammography images from11,700 patientsin Site A-MG. When evalu-
ated on the internal test cohort of 6,329 patients (612 breast cancer)
from Site A-MG, our mammography model achieved an AUC of 0.856
(95% confidence interval (Cl), 0.837-0.875). This performance aligned
with previous large-scale mammography Al studies”*** (Supplemen-
tary Table 3) and was further validated on an external test cohort from
Site G, yielding an AUC of 0.844 (95% Cl, 0.807-0.880).

Onthebasis of the developed CT-based breast module and mam-
mography-based Al model, we conducted a rigorous breast cancer
screening comparative assessmentin anew test cohort of Site A-CTMG
corresponding to 1,131 patients (358 breast cancer) who underwent
both imaging modalities (that is, paired CT-mammography data).
The mammography-based Al model achieved a balanced accuracy
of 78.4%, while the CT-based breast module presented a marginally
lower balanced accuracy of 76.5% (Extended Data Table 2). Notably, the
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Fig.1| The overall study design of OMAFound for multi-cancer screening.
Atotal 0f209,461CT scans from 58,811 patients, acquired over al0-year span
from 7 manufacturers across nationwide and international medical centres,
were retrospectively collected to develop a task-agnostic SSL-based foundation
model (Supplementary Fig. 1) capable of robust CT image feature representation.
Task-specific cancer screening modules (Supplementary Fig. 2) were
subsequently fine-tuned using labelled data (non-cancer, breast cancer or

lung cancer) to enable organ-specific and patient-level cancer predictions.
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Different from low-dose CT for routine lung cancer screening, we additionally
benchmarkits feasibility for breast cancer screening compared with the standard
mammography-based approach. OMAFound for multi-cancer screening was
prospectively evaluated in four large-scale cohorts, with its performance
compared with that of seven experienced generalist radiologists. An Al-assisted
reader study was conducted to demonstrate the potential benefit of OMAFound
inenhancing screening outcomes.

mammography-based Al model showed superior specificity (90.0%),
consistent with established literature*., By contrast, the CT-based
breast module showed enhanced sensitivity compared with the
mammography-based Al model (73.2% versus 66.8%), suggesting the
potential role of Al-enhanced chest CT in breast cancer detection.

To avoid the bias caused by Al models, we further conducted
a mammography reader study involving 5 experienced breast
radiologists (with an average of over 10 years’ experience) and the
mammography-based Al model, using a subset (190 cases) from Site
A-CTMG. The reader study demonstrated that our mammography-
based Al model achieved non-inferior performance compared with
that of experienced radiologists in breast cancer detection. This
comparison served to validate the fairness of our previous model

comparative analysis by establishing ahuman expert-based reference
benchmark, as depicted in Fig. 2f. Supplementary Table 4 lists weighted
F1score, balanced accuracy, sensitivity and specificity for eachreader’s
mammography interpretation.

The organ-specific lung cancer screening

The task-specific lung module (P,,,,) was developed by fine-tuning
OMAFound on a retrospective dataset of 21,680 CT scans (3,372
lung cancer) from 20,626 patients. On an internal test cohort of Site
A-CTlung comprising 5,777 patients (300 lung cancer), our lung module
achieved an AUC of 0.894 (95% CI, 0.881-0.906). Additional evalu-
ation metrics and comparison with current state-of-the-art models
in lung cancer screening are provided in Extended Data Table 2 and
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50,188

159,273

Unlabelled data

22 (1.8%) 41(0.8%) 100 (2.2%)

77 (0.7%)

234 (591%)
162 (40.9%)

3,672 (13.4%) 2,078 (5.0%)

55 (3.2%)

6,754 (29.7%)

16,007 (70.3%)
Sites A to F are nationwide datasets and CT-RATE, NLST and PublicX are international datasets (Methods). Cancer-positive cases are confirmed by pathology results and cancer-negative cases are confirmed by either pathology or at least 2-year follow-ups

Cancer-positive
(unless otherwise specified).

1192(98.2%)  5140(99.2%) 4,426 (97.8%)

10,603 (99.3%)

23,785 (86.6%) 39,727 (95.0%)

1,661(96.8%)

Cancer-negative

Supplementary Table 5, respectively. When evaluated on an external
test cohort (PublicX), consisting of 169 patients (7 lung cancer) from
the Lung Image Database Consortium (LIDC)*° dataset and 227 patients
(227lung cancer) from the LungCT* dataset, the lung module achieved
an AUC of 0.819 (95% Cl, 0.778-0.861). The performance decline in the
external test cohort may be attributed to the high prevalence of cancer
cases within this non-screening diagnostic population.

Different from CT-based breast applications, low-dose CT is
routinely implemented for lung cancer screening, resulting in the
availability of public cohorts for model generalizability evaluation.
Inthis study, the lung module is further evaluated by using the widely
adopted National Lung Screening Trial (NLST)** dataset. Leveraging
the long-term follow-up screenings offered by the NLST dataset, we
performed a lung cancer risk analysis that used a single low-dose
CT scan to predict lung cancers occurring 1-6 years after a screen.
As depicted in Supplementary Fig. 4, the lung module achieved a
1-year AUC of 0.738 (95% CI, 0.706-0.770), a 2-year AUC of 0.732
(95% Cl, 0.695-0.768), a 3-year AUC of 0.726 (95% ClI, 0.684-0.769),
a 4-year AUC of 0.721 (95% Cl, 0.668-0.773), a 5-year AUC of 0.710
(95% Cl,0.639-0.780), and a 6-year AUC of 0.703 (95% Cl,0.603-0.803).

Moreover, we assess the overall effectiveness of lung cancer risk
prediction using the concordance index (C-index)*’. The lung mod-
ule, which was fine-tuned using only weakly supervised patient-level
labels (lung cancer or non-cancer), achieved a C-index of 0.736. This
performance is non-inferior to the Sybil model'®, which reported a
C-index of 0.75 and was developed with additional nodule annotations
(strongsupervision) by expert radiologists on the same NLST dataset,
indicating the potential advantage of our lung module to some extent.

The patient-level cancer screening

When organ-specific screening programmes operate independently,
false positives canaccumulate at the patient level, leading toincreased
referrals and unnecessary invasive diagnostic procedures. Forinstance,
organ-specificmodules can predict cancer simultaneously (such asthe
breast module predicting breast cancer and the lung module predicting
lung cancer), thenthe combined prediction suggests multiple concur-
rent cancersinthe same patient. This contradicts clinical reality where
a patient may be cancer free or have a single malignancy but rarely
presents with multiple primary cancers. Therefore, implementing a
patient-level cancer prediction at the initial screening stage would help
mitigate the potential bias introduced by independent organ-specific
predictive models.

We investigated three strategies for patient-level cancer
screening. Strategy 1 uses a ‘noisy-or’ probabilistic equation
1= (1= Pyreast) X (1 - Pyg) Without requiring new Al model develop-
ment. Strategy 2 involves developing anovel end-to-end fusionmodule
(Prusion) that builds on our previously established breast and lung
modules for patient-level cancer screening (Supplementary Fig. 2c).
Unlike single-window-based organ-specific modules, the fusion
module integrates feature representations from multiple CT window
settings (soft tissue window and lung window), enabling direct ‘can-
cer’ versus ‘non-cancer’ prediction at the patient level. Strategy 3,
which is ultimately adopted in this study following comparative
analyses, implements an integrated approach to combine results
from Py eases Prung aNd Prgion (Fig. 32).

Itisimportantto note that theincidence of breast cancerin males
is extremely rare, thereby obviating the necessity to differentiate
between organ-specific and patient-level cancer screening in this
population. In other words, our patient-level strategy is applicable to
only the female population. On the combined female-only test cohort
from Site A-CTbreast and Site A-CTlung, strategy 3 achieved optimal
performance balance (balanced accuracy, 78.7%; sensitivity, 87.2%;
specificity, 70.1%), compared with strategy 1 (balanced accuracy, 54.2%;
sensitivity, 99.5%; specificity, 8.9%) and strategy 2 (balanced accuracy,
74.2%; sensitivity, 77.1%; specificity, 71.3%).
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Fig. 2| Performance of individual OMAFound modules in cancer screening. approach, assessed by the baseline of the mammography-based Al model (d),

a-c¢,ROC curves of the CT-based OMAFound for breast cancer prediction (breast-  comparison between models on a paired CT-mammography dataset (e) and
specific module; a), lung cancer prediction (lung-specific module; b) and patient-  comparison onasubset of the paired CT-mammography dataset benchmarked

level cancer prediction (fusion module; ¢). d-f, The feasibility of OMAFound against breast radiologists (f). AllROC curves are presented with a 95%
for breast cancer screening compared with the standard mammography (MG) confidence band.
Prospective multi-cancer screening on low-dose CT results of AUC, weighted F1score, balanced accuracy, sensitivity and

Although the performance of OMAFound has been demonstrated specificity for each prospective cohort, respectively.

in retrospective CT datasets, its clinical applicability to low-dose

CT screening has not yet been explored, particularly in breast  Clinical outcomes of solo radiologists versus Al-assisted
cancer screening. To address this knowledge gap, we conducted radiologists

a prospective real-world multi-centre study involving 21,601 Toinvestigate the potential clinical value of OMAFound in supporting
screening participants who underwent low-dose CT scans across  radiologist’s decision-making, we designed a sequential CT reader
4 medical centres, resulting in cohorts of 10,680 patients (5,581 study and an Al-assisted CT reader study, as shown in Fig. 4a. The
females) at Site C (15 breast cancer and 62 lung cancer), 1,214 patients  test cases in the reader study were strategically sampled from
(614 females) at Site D (12 breast cancer and 10 lung cancer), 5,181 prospective cohorts using differential sampling rates (higher for
patients (2,576 females) at Site E (14 breast cancer and 27 lung cancer), minority cancer cases, lower for majority non-cancer cases) to
and 4,526 patients (1,911 females) at Site F (43 breast cancer and 57  enhance the difficulty of the screening task and statistical power. As a

lung cancer). result, the CT reader study contains 165 male patients (52 lung cancer)
Figure 3a illustrates the three-phase screening flowchart, and200 female patients (34 lung cancer and 59 breast cancer).
whichimplements a sex-stratified approach as the first step (phase 1), As shown in Fig. 4, we first compared the performance between

separating participants into male and female cohorts. This stratifica- OMAFound and seven generalist radiologists alone. It was observed
tion reflects the epidemiological reality that the male population that radiologists maintained high specificity (96.1% to 100.0% for
is typically excluded from breast cancer screening programmes. In  lung (male and female), and 95.0% to 100.0% for breast (female))
phase 2 (organ-level cancer prediction), the male cohort undergoes across all cancer prediction tasks, moderate sensitivity in lung
analysis using the lung module (P,,,,), while the female cohortisevalu-  cancer screening (65.1% to 80.2% (male and female), except 39.5% for
ated using both breast and lung modules (P, and P,,,,). For phase 3 reader 6), but limited sensitivity in breast cancer screening (16.9%
(patient-level cancer prediction), patient-level and organ-level cancer  to 49.2% (female)) especially for junior radiologists. By contrast,
screening are identical for the male cohort. The female cohort, how- OMAFound achieved high sensitivity for both lung (90.7% (male
ever, uses the previous established integration approach (strategy 3)  and female)) and breast (86.4% (female)), with overall non-inferior

Of Pyreasts Prung aNd Prygion. performance in lung cancer prediction and substantially superior
The OMAFound showed excellent performance for lung cancer  performance in breast cancer prediction.
prediction, withamean balanced accuracy of 86.1% in the male cohorts. An Al-assisted CT reader study was subsequently performed to

Inthe female cohorts, OMAFound achieved ameanbalancedaccuracy evaluate the benefits of Al assistance to radiologists (Extended Data
of 82.2% for breast cancer, 88.0% for lung cancer at organ-level predic-  Table 4). To achieve this, we used the original reader’s assessment
tion and a mean balanced accuracy of 82.9% at patient-level cancer  as the baseline for each reader. In addition to the original low-dose
prediction. Figure 3b-e and Extended Data Table 3 show the detailed  CT scans, corresponding heatmaps and OMAFound predictions of
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Fig. 3| Multi-cancer prediction of OMAFound in prospective screening
populations. a, A three-phase stratification is applied to the screening
participants. Given the rare occurrence of patients presenting with multiple
primary cancers, a fusion module isimplemented to further refine potentially
incorrect predictions at the patient level. The combined results of the four
medical centres are presented as male and female cohorts using ROC with a 95%

confidence band. b-e, Performance of organ-level breast cancer prediction,
female only (b), organ-level lung cancer prediction, female only (c), patient-level
cancer prediction on female population (d), and patient-level cancer prediction
onmale population (e), which is identical to organ-level lung cancer prediction,
male only. The error bars represent 95% Cls computed from 1,000 bootstrap
resamples.

malignancy risk probability were both presented to the same readers
to help them understand thejustification of the Al predictions. Accord-
ingtothereader’s feedback, OMAFound could potentially guide them
to making a better clinical outcome at the organ level, with a mean
sensitivity improvement of 38.9% in breast cancer detection and 16.0%
in lung cancer detection, without sacrificing the specificity. In terms
of patient-level cancer presence prediction, OMAFound attained an
eclectic performance with a mean sensitivity improvement of 21.3%.

The interpretability of OMAFound

To understand the regions influencing cancer predictions, we com-
pared five post hocinterpretability approaches, including four based
onclassactivation mapping (CAM) and one attention-based algorithm
(Methods). Werequested experienced radiologists’ comments onthe
correlation between each interpretable heatmap (all slice heatmaps
including onerepresentative slice with highest ranked activation score
are provided) and the anatomical locations of different cancer types
and their origins (Fig. 5a). Finer-CAM was eventually adopted in this
study based on the majority voting.

We specifically analysed the attention made by OMAFound (Fig. 5b
and Extended Data Figs. 2 and 3). For cancer cases, the focus of
OMAFound concentrated primarily on the target organandits immedi-
ate vicinity. In breast cancer cases, the highlighted regions predomi-
nantly included soft tissue areas in the lateral thorax, particularly
the parenchyma. For lung cancer cases, the attention centred on the
thoracic cavity, specifically focusing on nodular tissues. Given that
chest CT is not the standard breast cancer screening modality, these
interpretable heatmaps may offer valuable educational potential
by helping clinicians identify breast cancer appearancesin CT scans.

Both radiologists and Al models are susceptible to prediction
errors, yet they exhibit distinct error profiles. Radiologists, with
extensive training in radiological image interpretation, possess
domain expertise in cancer appearances and origins. Their errors
predominantly occur in missing cancer cases, especially small nodules
and low-contrast lesions, resulting in lower sensitivity but preserved
high specificity. Conversely, the data-driven OMAFound model makes
errorsinboth cancer and non-cancer cases, demonstrating abalanced
trade-off between sensitivity and specificity.
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Fig. 4| The advantages of OMAFound for generalist radiologists in multi-
cancer screening outcomes. a, Workflow of the two-part CT reader study. The
important sensitivity improvement for lung specific (male and female), breast
specific (female only) and patient level (male and female) for each reader are
presented. b-d, Improved performance for seven individual readers (R; red

colourinR1-R7 indicates statistical significance P < 0.05), as measured by
weighted F1score, balanced accuracy, sensitivity and specificity, from their solo
assessment (light blue) to those assisted by OMAFound (dark blue) are shown
for lung specific (b), breast specific (c) and patient level (d). The dashed line
represents the standalone OMAFound benchmark performance.

Discussion

Non-contrast CT, particularly low-dose CT, has been widely rec-
ommended for population-based cancer screening across many
countries owing to its cost-effectiveness and reduced radiation
exposure. However, current screening programmes follow a ‘single
test for one cancer’ policy, failing to capitalize on the opportunity
to maximize cancer detection from a single screening examination.
In this study, we proposed OMAFound, an Al model that shifts
towards a ‘single test for multi-cancer’ paradigm by leveraging all
potential cancer biomarkers present within a single low-dose CT

scan. Through large-scale real-world retrospective and prospective
validation across multiple centres, OMAFound showed robust
performance, highlighting the notable insights for enhancing
existing screening programmes without incurring additional costs.
Conventional predictive Al models show limited cross-organ
generalizability owing to organ-specific supervision and the resource-
constrained nature of obtaining expert-annotated labelled data.
To achieve cost-effective multi-cancer prediction, we developed
a task-agnostic SSL-based foundation model that leverages large-
scale unlabelled CT scans from diverse ethnic populations, varying
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Fig. 5| Theinterpretability of OMAFound. a, Heatmaps generated by five
different post hoc interpretable approaches, including Grad-CAM, Grad-
CAM++, Layer-CAM, Finer-CAM and attention-based GMAR. For breast
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discrimination by OMAFound using preferable Finer-CAM, which were missed or
partially missed by readers but well classified with the assistance of OMAFound.
More examples including missed cases by OMAFound are shown in Extended
DataFigs.2and 3.

dose levels and different scanner manufacturers. The superiority of
OMAFound in extracting robust, generalizable CT feature represen-
tations has been validated through benchmark comparisons with
state-of-the-art CT-focused foundation models such as MedVersa®,
Merlin** and CT-CLIP*, as well as 3D extensions of DINO v2* and
ResNet 507

For organ-specific cancer screening, our downstream mod-
ules fine-tuned with weakly supervised patient-level labels showed
good generalizability on large-scale representative CT test datasets.
The lung module of OMAFound achieved AUCs of 0.819-0.955 across
one standard-dose cohort (Site A-CTlung), four low-dose cohorts
(Sites C-F) and two public cohorts (LIDC and LungCT), performing
on par with established benchmark lung cancer screening models
(AUCs 0.820-0.944). Similar generalizability was observed for the
breast module of OMAFound across one external standard-dose
cohort (Site B) and four low-dose cohorts (Sites C-F), with AUCs
of 0.845-0.959. These results collectively underscore the clinical
applicability of OMAFound for CT-based cancer screening.

Beyond organ-specific cancer screening, we evaluated
OMAFound’s performance at the patient level via an integrated ana-
lytical approach. This integration strategy incorporated clinical

knowledge (for instance, the rare occurrence of synchronous pri-
mary lung and breast cancersin clinical practice) toalleviate errorsin
predictive Almodels, resultingin a higher cancer predictionaccuracy
than both the ‘noisy-or’ probabilistic equation and a simple end-to-
end fusion module. The patient-level analysis proved particularly
valuable for identifying high-risk individuals duringinitial screening,
enabling efficient triage for targeted organ-specific cancer screening
and diagnostic workup.

Given the non-standard role of chest CT in breast cancer screen-
ing, we specifically focused on breast performance analysis. Using
paired CT-mammography data, we performed a systematic compari-
sonbetween our CT-based breast module and mammography-based
Almodel, withthelatter validated by five experienced mammography
specialists. The mammography-based Al model achieved high per-
formance (AUC 0.859), aligning with clinical expectations given
mammography’s decades-long validation as the screening gold
standard’’. The CT-based breast module showed comparable per-
formance (AUC 0.793), suggesting that existing imaging data, such
as low-dose chest CT scans obtained during lung cancer screening
in female individuals, could be leveraged for opportunistic breast
cancer screening.
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The multi-cancer screening capability of OMAFound has substan-
tial clinicalimplications, offering robust preventive medicine strategies
without incurring additional costs in terms of monetary, radiation
or time. Although our current study focuses on chest CT scans for
detecting the most prevalent cancers (lung and breast), future exten-
sions of our model could potentially incorporate other types of lesion
and neoplasm, moving towards comprehensive multi-cancer screening
similar to liquid biopsy approaches*:.

As clinical applicability is an important criterion for medical Al
models, we evaluated OMAFound against experienced radiologists
and investigated its advantages as a screening aid for multi-cancer
prediction using low-dose CT. Our reader studies showed that
OMAFound outperformed the majority of radiologists. Integration of
OMAFound into the screening workflow yielded substantialimprove-
mentsinthe sensitivity of readers, particularly junior radiologists, with
mean increases of 38.9% in breast (5out of 7 with P < 0.05, remarkable
opportunistic screening for breast cancer),16.0%in lung (3 out of 7 with
P <0.05) and 21.3% at patient level (6 out of 7 with P < 0.05), without
loss of specificity. Such a high sensitivity of OMAFound constitutes a
substantial advantage for screening programmes in which minimizing
missed cancer casesis a priority.

Transparent decision-making remains crucial in healthcare®. Cur-
rent Al explainability approaches fall into two main categories: post
hoc explanations for unconstrained black-box models andintrinsically
interpretable models such as prototype-based*’. Previous studies**
on unstructured image data analysis indicate that black-box mod-
els learning hierarchical representations from raw pixels generally
achieve superior performance compared with intrinsically interpret-
able models, highlighting the fundamental trade-off between model
accuracy and interpretability. In our comparative analysis of five post
hoc explanation methods, we observed varying saliency patterns,
making it difficult to attribute these discrepancies to the model or
to the explanation methods (or to both)—an unresolved trustworthi-
ness challenge in medical AI’**, Finer-CAM is preferable in this study
because it more closely aligns with radiologists’ interpretations and
is animproved version of Grad-CAM, which has been widely used in
large-scale medical studies'**°*,

There areafew limitations to our study. First, although weimple-
mented various post hoc interpretability approaches to enhance trans-
parent decision-making, studies indicate that the qualitative heatmap
visualization generally has biases compared with expert radiologists
regardless of model classification accuracy®'. More advanced inter-
pretability approaches should be investigated in the future. Second,
the single patient-level label (low semanticinformation) isinsufficient
to improve the model’s predictive power. Strong patch-level lesion
annotations, such as segmentation masks or detection boxes, could
bothimprove predictiveaccuracy and enableinterpretable localization
analyses. Finally, OMAFound was currently limited to predict current
cancer risk from a single CT scan. Future research should investigate
personalized screening intervals based onindividual risk stratification
(low, moderate or high risk).

To conclude, we have developed OMAFound for image-based
multi-cancer screening with improved generalizability. OMAFound
was prospectively evaluated on low-dose CT scans from four medical
centres under the evaluation tasks of organ-specific cancer type and
patient-level cancer presence predictions, demonstrating performance
that canassist cliniciansinimproving screening outcomes. The ‘single
test for multi-cancer’ capability represents a step towards improved
screening programmes in clinical scenarios.

Methods

Ethics approval

All retrospective non-public datasets (Sites A, B and G) in this inves-
tigation were approved by the institutional review board (IRB) of the
hospitals with a waiver granted for the requirement of informed

consent. Withrespect to the prospective study pre-registered at www.
chictr.org.cn (identifier ChiCTR2400081249), all participants signed
aninformed consent developed and approved by the IRB of Sites C, D,
EandF. All datasets were de-identified before model development and
testin thisinvestigation.

Chest CT dataset

Ourstudy incorporated tendistinct CT datasets, including six Chinese
(Sites A to F) and four international public datasets (CT-RATE, NLST,
LIDC and LungCT). These datasets represented diverse clinical
settings (emergency rooms, physical examination centres, inpatient
and outpatient departments) and included scans from seven manufac-
turers (GE, Philips, SIEMENS, TOSHIBA, MinFound, UIH and Neusoft).
Site A, Site Band all public datasets were characterized as retrospective
cohortsused for the development and testing of the OMAFound model,
while the remaining datasets (Sites C to F) provided prospective low-
dose CT scans from screening populations for real-world validation.

The datasets were categorized into two types based on clinical
interpretation availability. The first type consisted of unlabelled data
(Site A-CTunlabeled and CT-RATE), which provided large-scale data-
sets exclusively for task-agnostic foundation model pretraining. The
second type was weakly supervised labelled data with patient-level
ground-truth status, confirmed either by pathology (cancer or non-
cancer) or at least 2 years (unless otherwise specified) follow-up for
non-cancer status confirmation. Within the labelled data, two label-
ling patterns emerged: retrospective datasets (Site A-CTbreast, Site
A-CTlung, Site B, NLST, LIDC and LungCT) contained asingle label per
patient (either breast or lung), while prospective datasets (Sites C to
F) provided comprehensive dual labelling, including both breast and
lung assessments for each patient.

For model training, all eligible examinations per patient were
utilized, whereas only asingle CT scan per patient was used for model
testing. To prevent the risk of label leakage, anonymized patient IDs
were used across all datasets, ensuring no patient overlaps between
trainingand test cohorts (all scans from the same patient were assigned
tothesamecohort). Table1and Extended DataFig.1provide compre-
hensive details on dataset utilization and patient assignment criteria.
Additional dataset specifications are provided below.

Site A (The First Affiliated Hospital of Anhui Medical University).
Data were retrospectively collected from multiple clinical settings
(emergency rooms, inpatient and outpatient departments) between
October 2015 and April 2024, which were subsequently divided into
unlabelled and labelled datasets. The Site A-CTunlabeled dataset
comprised 159,273 unlabelled CT scans from 37,507 patients. The
labelled data were further categorized into Site A-CTbreast dataset,
containingscans from 16,007 non-cancer patients and 6,754 patients
with breast cancer, and Site A-CTlung dataset, consisting of scans
from 23,785 non-cancer patients and 3,672 patients with lung cancer.
For the organ-specificadaptation phase, labelled datawere randomly
and selectively allocated to the fine-tuning cohort (most cancer cases
were used here to alleviate class imbalance issue on training) and the
internal test cohort.

Site B (No.2 People’s Hospital of Fuyang City). Standard-dose CT
scans were retrospectively collected from the outpatient department
between February 2020 and May 2024, resulting in a total of 1,716
labelled CT from1,716 patients (1,661 non-cancer patients and patients
with 55breast cancer). Site Bwas used solely for external testing of the
breast module of OMAFound to assess generalizability.

Site C (physical examination centres affiliated toSite A). Low-dose
CTscanswere collected through a pre-registered prospective study. A
total of 10,680 screening participants were enroled between January
2024 and December 2024. The cohort comprised 10,603 non-cancer
cases, confirmed through 6-12 months of short-term follow-up. The
remaining cases included 15 breast cancer cases and 62 lung cancer
cases (24 from female and 38 from male), all confirmed by pathology
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results. Site C was used solely for prospective real-world assessment
of OMAFound in multi-cancer screening.

Site D (Lu’an People’s Hospital). Low-dose CT scans were pro-
spectively collected from 1,214 screening participants between
January 2024 and July 2024. Disease statuses were determined
through either 6-12 months of short-term follow-up or pathology
confirmation, identifying 1,192 non-cancer cases and 22 cancer cases
(12 breast cancer, 4 female lung cancer and 6 male lung cancer). Site D
was used solely for prospective real-world assessment of OMAFound
in multi-cancer screening.

Site E (Weifang Traditional Chinese Hospital). Between January
2024 and December 2024, atotal of 5,181 low-dose CT scans were pro-
spectively collected during annual physical examinations. These scans
represented 5,140 non-cancer patients, 14 patients with breast cancer
and 27 patients with lung cancer (14 from female and 13 from male). Site
Ewasusedsolely for prospective real-world assessment of OMAFound
in multi-cancer screening.

Site F (Xuancheng People’s Hospital). We prospectively enroled
participants from a local screening population for low-dose CT
scans. Following standardized prospective labelling criteria, 4,426
non-cancer patients, 43 patients with breast cancer and 57 patients
with lung cancer (35 from female and 22 from male) were finally
collected between January 2024 and December 2024. Site F was
used solely for prospective real-world assessment of OMAFound in
multi-cancer screening.

CT-RATE (non-contrast chest CT dataset®?). This public dataset
was collected at Istanbul Medipol University Mega Hospital between
May 2015 and January 2023. It comprises 50,188 unlabelled CT data
from 21,304 unique patients. CT-RATE was used solely for task-agnostic
foundation model pretraining.

NLST (National Lung Screening Trial*?). The NLST dataset was
collected across 33 US medical institutions, with participants ran-
domized to receive annual low-dose CT screenings between August
2002 and 2007.Intotal, 41,805 labelled CT scans from 19,698 patients
(18,717 non-cancer patients and 981 patients with lung cancer) were
included, with long-term follow-up data available. A random sub-
set (12.7%) at the patient level was allocated to the internal test
cohort, while the remaining scans were used for training. NLST was
used solely for multi-year lung cancer risk prediction, where a sin-
gle low-dose CT scan was used to predict lung cancer occurrence
1-6 years post-screening.

PublicX (combined LIDC** and LungCT* datasets). The LIDC data-
setwith amix of standard-dose and low-dose scans were collected from
five differentinstitutions between1998 and 2010. The LungCT dataset
contains standard-dose CT scans acquired between July 2004 and June
2011. On the basis of the same inclusion criteria for the nationwide
dataset, the PublicX dataset includes 396 labelled CT data from 396
patients (162 non-cancer patients and 234 patients with lung cancer).
The PublicX dataset was used solely for external testing of the lung
module of OMAFound to assess generalizability.

Mammography dataset

Given mammography’s status as the current gold standard for
breast cancer screening, we developed a mammography-based Al
model as abenchmark for comparison with the CT-based OMAFound.
For this purpose, we retrospectively collected a dedicated mammog-
raphy-only dataset, designated as Site A-MG to distinguish it from
chest CT data of Site A, for the development and evaluation of this
mammography-based Al model.

Specifically, Site A-MG includes 72,116 mammography images
from 18,029 patients (bilateral cranial-caudaland mediolateral oblique
views per patient), acquired between January 2014 and December
2023 from either a GE Senographe DS mammography system or
Hologic Selenia Dimensions mammography system, covering both
screening and diagnostic populations. To assess the generalizability

of our mammography-based Almodel, we assembled an external test
cohort from Anhui No.2 Provincial People’s Hospital (Site G). This
cohort contained 3,280 mammography images from 820 patients
(158 cancer-positive cases), retrospectively collected between March
2023 and August 2024 using a GE Senographe DS mammography
system.

Thelabels of these mammography datasets were confirmed either
by pathology (cancer or non-cancer) or through a minimum follow-up
period of 2 years for non-cancer status confirmation. Detailed patient
characteristics and labels are provided in Extended Data Table 1.

Paired CT-mammography dataset

Recognizing that model performance canvary across different popu-
lations and clinical settings, we thus established a more equitable
comparison between the mammography-based Al model and CT-
based OMAFound for breast cancer screening. That is, we addition-
ally collected 1,131 paired CT and mammography scans from 1,131
patients (Extended Data Table 1), namely, as Site A-CTMG. Importantly,
Site A-CTMG data had no overlap with either Site A-CTbreast or Site
A-MG datasets.

OMAFound model

Image preprocessing before OMAFound model development was
performed using Torchvision (version 0.20.1) and SciPy (version 1.14.1).
The multi-institutional CT dataset showed slice spacing variations from
0.625 mmto 5 mm. To harmonize the difference in slice thickness and
spatial resolution, all CT scans were resampled toauniform1x1x1mm
before resizing to voxel dimensions of 128 x 128 x 128. Intensity distri-
butions (Hounsfield units) were standardized using min-max normali-
zation, and foreground regions of lung window and soft tissue window
were extracted from each scan. In this study, the model development
process did not incorporate any image annotations, such as lesion
bounding boxes or segmentation masks.

Thearchitecture of the SSL-based OMAFound model is detailed in
Supplementary Fig. 1and the task-specific downstream modules are
showninSupplementaryFig. 2. For the foundation model, we used the
encoder from SWinUNETR-V2* as the backbone for feature extraction,
integrating 3D stage-wise convolution and shifted window-based self-
attention mechanisms. A residual convolution (ResConv) block was
added at the beginning of each resolution level, followed by a Swin
transformer block.

Inthe organ-specificbreast and lung modules, a3D adaptive aver-
age poolinglayer was utilized to aggregate spatial features, followed by
afully connectedlayer and softmaxactivation for cancer risk prediction
task. Specifically, the breast module and lung module of OMAFound
were developed using the fine-tuning cohort of Site A-CTbreast and
Site A-CTlung, respectively.

For the fusion module, the encoders for the breast and lung
brancheswereinitialized with weights from the corresponding organ-
specific modules and kept frozen during fusion training. Eachencoder
produced a768-dimensional feature vector, which was used to generate
classificationlogits and uncertainty estimates. A learnable class token
was concatenated with the two feature vectors and passed through a
transformer encoder to capture cross-organ interactions. The final
cancer prediction was derived from the updated class token, and the
total loss was calculated as the sum of the fusion loss and organ-specific
uncertainty losses. The fusion module was developed using combined
fine-tuning datasets from both breast and lung modules and tested
onmerged internal test cohorts of Site A-CTbreast and Site A-CTlung.

OMAFound was implemented using the PyTorch framework (ver-
sion 2.5.1), and training was conducted using two Intel Xeon central
processing units and eight NVIDIA A100 80GB graphics processing
units. Inspired by previous research®?, the objective of the SSL module
was to minimize a combination of rotation loss, reconstruction loss
and contrastive loss. For downstream tasks, label smoothing loss was
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applied. Optimization was performed using the adaptive moment
estimation (ADAMW) optimizer, with a batch size of 96 and an initial
learning rate of 0.0001. A linear warm-up ratio of 0.1 was applied,
followed by a cosine function learning rate schedule. Training was
capped at 15 epochs, with early stopping triggered if no further loss
improvement was observed.

Toaddress classimbalance, weighted sampling was used to ensure
balanced representation of all classes during training. Data augmenta-
tionincluded random affine transformations (translation and scaling
within the bounds of (0.1, 0.1, 0.1), random rotations (up to 15°), con-
trast adjustment with a random factor between 0.8 and 1.2, and the
addition of random noise with intensities ranging from 0.005to 0.05.
All augmentations were constrained to maintain pixel values within
the [0, 1] range.

Mammography-based Al model
To compare chest CT with the standard mammography-based approach
for breast cancer screening, we developed an individual mammogra-
phy-based Almodel using the dataset from Site A-MG. Mammography
scans containing both cranial-caudal and mediolateral oblique views
ofthe bilateral breast were included for model development.
Supplementary Fig. 3illustrates the architecture of the mammo-
graphy-based Al model. The model, a derivative of BMU-Net®, inte-
grates aResNet-18 backbone with a transformer encoder for multi-view
breast cancer classification. The ResNet-18 backbone, initialized with
weights transferred from the large-scale, pre-trained Mirai model®,
was used to extract features from each individual view. These features
were then augmented with positional embeddings and passed through
the transformer encoder to capture contextual dependencies across
views. Separate classifiers were applied to each view, and their outputs
were weighted by learnable parameters specific to the left and right
sides. Thefinal logit was obtained by averaging the weighted outputs.

Reader study on mammography

We conducted a mammography reader study to compare the perfor-
mance of the mammography-based Almodel with that of experienced
breast radiologists. To be specific, each reader independently reviewed
the same set of cases and assigned a BI-RADS (Breast Imaging Reporting
and Data System) 5th edition® rating using the values1, 2, 3, 4a, 4b, 4c
and 5, simulating routine clinical interpretation. To convert BI-RADS
assessments into binary classification for sensitivity and specificity
calculations, BI-RADS 4a or higher were considered as test positive,
and all others negative. The average reader sensitivity and specificity
were computed by averaging the individual sensitivity and specific-
ity values across all readers. All readers were blinded to each other’s
assessments, the original clinical reports and the Al model outputs.
Thestudy included 5board-certified radiologists specializing in mam-
mography, each with over 10 years of clinical experience. A total of
190 examinations—randomly selected from the test cohort of the Site
A-CTMG dataset—were presented to the readersinarandomized order.

Reader study on low-dose CT
To evaluate the clinical utility of OMAFound in assisting generalist
radiologists withimproved screening outcomes, we conducted a2-part
CT reader study involving 365 patients (220 non-cancer, 59 breast
cancer, 34 female lung cancer and 52 male lung cancer). Cases were
randomly and selectively sampled (higher for cancer cases and lower
for non-cancer cases to enhance the difficulty of the screening task and
statistical power) from the prospective cohorts of Sites C, D, Eand F.
Sevenboard-certified generalist radiologists participated in this study,
with their clinical experience summarized in Extended Data Table 4.
Thesequential reader study consisted of afirst reading (solo) and
asecond reading (+OMAFound). Each reader was requested to finish
three tasks, including organ-level breast cancer detection, organ-level
lung cancer detection and patient-level cancer presence prediction.

During the firstreading, eachreaderindependently reviewed the same
set of testing cases without time limit and provided initial binary deci-
sionsforeachtask (‘Yes’ for cancer, ‘No’ for non-cancer). In the second
reading, readers were provided with OMAFound-generated heatmaps
and prediction scores as a decision support. They were allowed to
update their initial assessments based on the Al assistance.

Interpretability of the OMAFound model

To assure trust from human experts, it is essential to make the model’s
decision-making processinterpretable. In this study, we implemented
and analysed five post-hoc explanation approaches, including four
CAM-based (Grad-CAM**, Grad-CAM + + *°, Layer-CAM>® and Finer-
CAM*’) and one attention-based gradient-driven multi-head attention
rollout (GMAR®®) mappings, to visualize the heatmap localization
regions that could aid human experts to understand the justification
ofthe Al system for the cancer risk predictions. All post hoc methods
inthis study were applied to the normalization layer of the final stage
of the model for each testimage.

Specifically, Grad-CAM++ enhances Grad-CAM by implement-
ing pixel-wise weights instead of channel-wise weights, improving
small object localization capability. Layer-CAM generates more reli-
able boundary definitions by utilizing pixel-level activation with
positive gradients within and across layers. Finer-CAM extends
Layer-CAM by incorporating progressive cross-layer refinement and
denoising, achieving superior semantic alignment. GMAR is a novel
method to quantify the importance of each attention head using
gradient-based scores.

Statistical analysis

The performance of the OMAFound model and the mammography-
based Almodel was evaluated using weighted F1score, balanced accu-
racy, sensitivity, specificity and the AUC. The 95% Cls of the weighted F1
score, balanced accuracy and specificity were computed using 1,000
non-parametric bootstrap resamples. A dynamic approach (Wilson
Clsand bootstrap-based Cls) was used for sensitivity due to low cancer
prevalence. The C-index* was computed to evaluate the predictive per-
formance of time-to-event models. AUC comparisons were conducted
using Delong’s test. All comparisons were two-sided, with a P value
<0.05 considered statistically significant. All statistical analyses were
performed using SPSS (version 22.0), and relevant Python packages.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The maindatasupporting the resultsin this study are available within
the paper andits Supplementary Information. The CT, mammography
and paired CT-mammography datasets from participating medical
centres are protected due to patient privacy and IRB restrictions.
However, a portion of the test data can be made available for academic
purposes from the lead corresponding author X.Q. upon reasonable
request, with the approval of the hospital IRBs and a signed data-use
agreement. The public datasets can be accessed from: CT-RARE at
https://huggingface.co/datasets/ibrahimhamamci/CT-RATE, NLST at
https://biometry.nci.nih.gov/cdas/learn/nlst/images/, LIDC at https://
cancerimagingarchive.net/collection/lidc-idri,and LungCT at https://
cancerimagingarchive.net/collection/lung-pet-ct-dx. Source dataare
provided with this paper.

Code availability

The source codes of OMAFound are available via GitHub at https://
github.com/Qian-IMMULab/OMAFound (ref. 59). Custom codes for
the deployment of the Al system are available for research purposes
fromthelead corresponding author X.Q. upon reasonable request.
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CT dataset

/The patient inclusion criteria: \

1. Pathology confirmation of breast or lung cancer, or biopsy/follow-
up confirming non-cancer status
The patient exclusion criteria:
1. Mental iliness
2. Women with implants, pregnancy or lactation
3. Done surgery or chemotherapy
\4. Presented with non-breast or non-lung disease at examinations /

Candidates for CT volumes

1.Non-contrast chest CT volumes without missing or truncated slices

2.Complete anatomical coverage of both breast and lung regions
within the CT field-of-view

Prospective real-world cohorts
Site C: patients 10,680, female 5,581
Task-specific downstream module Site D: patients 1,214, female 614
Site E: patients 5,181, female 2,576
Site F: patients 4,526, female 1,911

Development of SSL module
Patients: 58,811
Age, mean: 52.3 (range 18 to 102)
CT volumes: 209,461

Fine-tuning of breast module Fine-tuning of lung module Fine-tuning of fusion module Fine-tuning of multi-year module
Patients: 16,979 Patients: 20,626 Patients: 18,797 Patients: 17,627
Age, mean: 48.7 (range 18 to 98) Age, mean: 51.8 (range 22 to 95) Age, mean: 53.6 (range 18 to 95) Age, mean: 61.5 (range 43 to 74)
CT volumes: 16,979 CT volumes: 21,680 CT volumes: 19,747 CT volumes: 36,491
(10,722 non-cancer / 6,257 breast cancer) (18,308 non-cancer / 3,372 lung cancer) j (10,450 non-cancer / 9,297 cancer) (34,652 non-cancer / 1,839 lung cancer)
Internal test cohorts Internal test cohorts Internal test cohorts
Site A-CTbreast: patients 5,782 Site A-CTlung: patients 5,777 Site A-CTbreast and Site A-CTlung: female patients 3,079
External test cohorts External test cohorts External test cohorts
Site B: patients 1,716 Public X: patients 396 Site B and Public X: female patients 1,612
Extended Data Fig. 1| Overview of the flowchart of patient’s recruitment coverage of both breast and lung regions were considered. The study population
and assignment. All patients were selected based on pre-defined inclusion and was derived from both retrospective and prospective data collections, with CT
exclusion criteria. Only non-contrast chest CT scans with complete anatomical scans acquired between 2015 and 2024 across various institutions.
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Test cases Radiologists (solo) Radiologists (+OMAFound)

Gender: female Age: 53 years
Ground truth status: lung cancer
Breast-level Al: non-breast cancer
Lung-level Al: lung cancer

Patient-level Al: cancer

Gender: female Age: 49 years
Ground truth status: lung cancer
Breast-level Al: breast cancer

Lung-level Al: lung cancer

Patient-level Al: cancer

Gender: female Age: 66 years

Ground truth status: breast cancer

Breast-level Al: breast cancer b

Ahdhdddd
Y Y Y

Extended Data Fig. 2 | Female examples of radiologist’s decision with and highlight regions contributing to the prediction. (a) A lung cancer case which was
without Al assistance. Each case was first read independently by radiologists, correctly identified by OMAFound. (b) lung cancer and (c) breast cancer cases
thenre-read with Al-generated prediction score and heatmaps overlaid on CT which were overdiagnosed by OMAFound.

images. Heatmaps were derived from the normalization layer in the final stage to

Lung-level Al: lung cancer

Patient-level Al: cancer
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Test cases Radiologists (solo) Radiologists (+OMAFound)
a
o) Gender: male Age: 66 years
m Ground truth status: lung cancer
Lung-level Al: lung cancer
Patient-level Al: cancer
b
'®) Gender: male Age: 49 years
m Ground truth status: lung cancer
Lung-level Al: non-lung cancer
Patient-level Al: non-cancer
C
o Gender: male Age: 68 years
m Ground truth status: non-lung cancer \ ]
A
Lung-level Al: lung cancer Mol N " A " Score0.691
Patient-level Al: cancer AL D SAEELEEES
NNNNNNN NNNNNNN
Extended Data Fig. 3| Male examples of radiologist’s decision withand highlight regions contributing to the prediction. Lung cancer cases which were
without Al assistance. Each case was first read independently by radiologists, (a) identified and (b) missed by OMAFound. (c) A non-lung cancer case which was
thenre-read with Al-generated prediction score and heatmaps overlaid on CT overdiagnosed by OMAFound.

images. Heatmaps were derived from the normalization layer in the final stage to
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Extended Data Table 1| The mammography (MG) and paired CT-MG data characteristics

Dataset Site A-MG Site G Site A-CTMG

Source Mammography Mammography Paired CT and mammography

Model development

Usage of dataset and internal test External test Comparison test
Exam population Mixed Diagnostic Diagnostic
Age, mean 48.4 (18-91) 48.5 (18-90) 49.7 (27-86)
No. of patients 18,029 820 1,131

No. of females (%) 100% 100% 100%

No. of MG exams 18,029 820 1,131

No. of CT scans - - 1,131
Cancer positive (pathology) 4,573 (25.4%) 158 (19.3%) 358 (31.7%)
Cancer negative (pathology) 3,260 (18.1%) 553 (67.4%) 631 (55.8%)
Cancer negative (follow-ups) 10,196 (56.5%) 109 (13.3%) 142 (12.5%)
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Extended Data Table 2 | The performance of different Al models on internal and external cohorts

Characteristics AUC \l?ille lsgch(;[f: ]::iirrl:s;i Sensitivity Specificity
. 0.856 ) 59.6% 95.6%
Site A-MG (0.837, 0.875) 0.921 77.6% (365/612) (5,463 /5,717)
‘ 0.844 . 61.4% 91.4%
Mammography Site G (0.807, 0.880) 0.855 76.4% (97/158) (605 / 662)
model
. 0.859 ) 66.8% 90.0%
Site A-CTMG (0.834, 0.883) 0.824 78.4% (239/358) (696 /773)
. 0.882 . 71.4% 92.5%
Subset of Site A-CTMG (0.832,0.933) 0.844 82.0% (50/70) (111/120)
. 0.799 . 68.0% 79.9%
Site A-CTbreast (0.778, 0.820) 0.829 74.0% (338/497) (4,221/5,285)
. 0.847 ) 74.5% 78.7%
OMAFound Site B (0.792, 0.902) 0.854 76.6% (41/55) (1,307/1,661)
(breast module)
. 0.793 ) 73.2% 79.7%
Site A-CTMG (0.764, 0.822) 0.780 76.5% (262 /358) (616/773)
. 0.842 ) 80.0% 76.7%
Subsetof Site ACTMG  2e2"( 600 0.782 78.4% (56/70) 92 120)
. 0.894 ) 94.7% 74.7%
OMAFound Site A-CTlung (0.881,0.906) 0.824 84.7% (284/300) (4,090 /5,477)
(lung module)
. 0.819 ) 78.6% 71.6%
PublicX (0.778, 0.861) 0.758 73:1% (184/234) (116/162)
Site A'gbrea“ 0.833 0744 400 77.1% 713%
OMAFound Site A-CTlung (0.816, 0.850) : =7 (612/794) (1,630 /2,285)
(fusion module)
, . 0.882 . 87.5% 79.1%
Site B + PublicX (0.853,0.910) 0.825 83.3% (253/289)  (1,046/1323)

Data in parentheses of AUC represents the 95% confidence intervals. Data in parentheses of sensitivity and specificity are used to calculate percentages.
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Extended Data Table 3 | The performance of OMAFound on four prospective low-dose CT cohorts

Female cohorts Male cohorts
Performance
Breast-specific Lung-specific Patient-level Patient-level
0.845 0.899 0.915
AUC (0.775, 0.916) (0.837, 0.960) - (0.871, 0.959)
. 0.919 0.958 0.885 0.966
Weighted F1 score (0.913, 0.925) (0.954, 0.962) (0.879, 0.892) (0.962, 0.970)
Site C Balanced 79.4% 90.1% 83.8% 88.1%
e alanced accuracy (67.6%, 89.9%) (81.9%, 96.3%) (78.0%, 88.4%) (81.8%, 93.7%)
Sensitivit 73.3% 87.5% 87.2% 81.6%
ensitivity (48.0%, 89.1%) (69.0%, 95.7%) (75.6%, 96.5%) (69.1%, 92.9%)
Specificit 85.5% 92.7% 80.4% 94.6%
pecthieity (84.6%, 86.4%) (92.0%, 93.4%) (79.4%, 81.5%) (94.0%, 95.2%)
0.959 0.892 0.834
AUC (0.914, 1.0) (0.734, 1.0) - (0.664, 1.0)
. 0.877 0.923 0.827 0.880
Weighted F1 score (0.857, 0.897) (0.908, 0.940) (0.803, 0.852) (0.857, 0.899)
Site D Balanced 86.2% 81.0% 83.5% 73.4%
e alanced accuracy (76.6%, 91.4%) (43.4%, 94.5%) (76.7%, 88.1%) (50.6%, 90.9%)
Sensitivit 91.7% 75.0% 93.8% 66.7%
ensiivity (64.6%, 98.5%) (30.1%, 95.4%) (71.7%, 98.9%) (30.0%, 90.3%)
Specificit 80.6% 86.9% 73.2% 80.1%
pectticity (77.5%, 83.7%) (84.2%, 89.5%) (69.9%, 76.9%) (76.8%, 83.3%)
0.861 0.917 0.955
AUC (0.747, 0.976) (0.861, 0.974) - (0.908, 1.0)
. 0.899 0.945 0.844 0.984
Weighted F1 score (0.890, 0.908) (0.938, 0.952) (0.831, 0.856) (0.981, 0.988)
Site Balanced 77.0% 88.1% 78.3% 91.2%
e alanced accuracy (64.8%, 87.9%) (76.8%, 95.5%) (70.4%, 85.2%) (79.1%, 90.9%)
Sensitivi 71.4% 85.7% 82.1% 84.6%
ensitivity (45.4%, 88.3%) (60.1%, 96.0%) (64.4%, 92.1%) (57.8%, 95.7%)
Soecificit 82.6% 90.5% 74.4% 97.7%
pectlicity (81.1%, 84.1%) (89.4%, 91.6%) (72.7 %, 76.1%) (97.1%, 98.3%)
0.882 0.884 0.910
AUC (0.832, 0.931) (0.818, 0.950) - (0.847, 0.973)
. 0.827 0.803 0.703 0.849
Weighted F1 score (0.812, 0.842) (0788, 0.818) (0.685,0.721) (0.838, 0.860)
Site F Balanced 79.6% 80.2% 76.7% 80.7%
e alanced accuracy (73.7%, 84.4%) (75.1%, 84.3%) (73.9%, 78.8%) (72.6%, 87.3%)
Sensitivi 86.0% 91.4% 96.2% 86.4%
ensitivity (74.3%, 95.5%) (80.6%, 100.0%) (91.1%, 100.0%) (66.7%, 95.3%)
Soecificit 73.1% 69.0% 57.1% 74.9%
pecthieity (71.1%, 75.3%) (66.9%, 71.3%) (54.8%, 59.3%) (73.2%, 76.5%)

Data in parentheses represents the 95% confidence intervals.
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Extended Data Table 4 | The performance comparison of seven generalist radiologists for the first and second readings on
the CT reader study

Performance

First reading (solo)

Second reading (+OMAFound)

Lung-specific

Breast-specific

Patient-level

Lung-specific

Breast-specific

Patient-level

(male and female) (female only) (male and female) (male and female) (female only) (male and female)
Weighted F1 score 0.905 0.747 0.783 0.930 0.813 0.838
g (0.871,0.935) (0.672,0.818) (0.734, 0.828) (0.901, 0.955) (0.748, 0.874) (0.798, 0.878)
Balanced 83.6% 65.2% 75.4% 88.3% 73.2% 81.5%
Reader 1 alanced accuracy (78.4%, 88.3%) (58.9%, 71.6%) (71.1%, 79.6%) (83.8%, 92.4%) (66.6%, 79.9%) (77.6%, 85.6%)
(8 years) Sensitivit 69.8% 33.9% 55.9% 79.1% 49.2% 67.6%
censitivity (59.2%, 78.7%) (22.2%, 46.9%) (47.6%, 63.8%) (70.2%, 87.4%) (36.0%, 62.1%) (60.0%, 75.2%)
Specificit 97.5% 96.5% 95.0% 97.5% 97.2% 95.5%
peciticity (95.4%, 99.3%) (92.9%, 99.2%) (92.1%, 97.7%) (95.6%, 99.3%) (94.0%, 99.3%) (92.5%, 98.1%)
Weighted F1 0.935 0.759 0.820 0.926 0.813 0.849
cighted 'l score (0.907, 0.961) (0.687, 0.827) (0.774, 0.859) (0.899, 0.951) (0.750, 0.872) (0.810, 0.887)
Balanced 89.0% 66.4% 79.3% 89.5% 73.2% 82.9%
Reader 2 alanced accuracy (84.2%, 93.4%) (60.2%, 72.8%) (75.0%, 83.5%) (85.0%, 93.3%) (66.2%, 79.6%) (79.0%, 86.9%)
(11 years) Sensitivit 80.2% 35.6% 62.8% 83.7% 49.2% 71.7%
cnsiivity 70.9%, 88.5% 23.8%, 48.2% 54.8%, 70.7% 75.3%, 91.0% 35.8%, 62.1% 64.4%, 78.6%
( ) ( ) ( ) ( ) ( ) ( )
Specificit 97.8% 97.2% 95.9% 95.3% 97.2% 94.1%
pectlicity (96.0%, 99.3%) (93.8%, 99.3%) (93.2%, 98.2%) (92.9%, 97.7%) (94.1%, 99.3%) (90.8%, 96.9%)
. 0.901 . ) X . 0.810
Weighted F1 score (0.865,0.934) (0.603, 0.762) (0.707, 0.807) (0.888, 0.947) (0.712,0.851) (0.764, 0.854)
Balanced 81.8% 58.5% 72.4% 85.3% 68.6% 78.1%
Reader 3 alanced accuracy (76.5%, 87.0%) (53.9%, 63.5%) (68.5%, 76.8%) (80.4%, 90.0%) (62.2%, 75.0%) (73.8%, 81.8%)
(4 years) Sensitivit 65.1% 16.9% 46.2% 72.1% 37.3% 57.9%
cnsiivity (54.5%, T4.7%) (7.8%, 27.0%) (38.3%, 54.7%) (62.5%, 81.1%) (24.5%, 50.0%) (50.3%, 65.4%)
Specificit 98.6% 100.0% 98.6% 98.6% 100.0% 98.2%
pecthicity (96.9%, 100.0%) (100.0%, 100.0%) (96.9%, 100.0%) (97.0%, 99.7%) (100.0%, 100.0%) (96.2%, 99.6%)
Weighted F1 score 0.904 0.733 0.780 0.933 0.767 0.827
g (0.869, 0.934) (0.652,0.803) (0.734, 0.825) (0.906, 0.958) (0.699, 0.834) (0.787, 0.866)
Balanced 82.8% 63.5% 75.1% 88.9% 67.9% 80.3%
Reader 4 alanced accuracy (77.3%, 87.4%) (57.6%, 70.0%) (71.1%, 79.3%) (84.2%, 93.2%) (61.5%, 74.6%) (76.1%, 84.4%)
(10 years) Sensitivit 67.4% 30.5% 53.8% 80.2% 40.7% 65.5%
cnsiivity (56.9%, 76.3%) (19.0%, 42.9%) (45.8%, 62.0%) (71.3%, 88.9%) (28.6%, 54.4%) (58.0%, 73.7%)
Specificit 98.2% 96.5% 96.4% 97.5% 95.0% 95.0%
peciticity (96.5%, 99.6%) (92.7%, 99.3%) (93.5%, 98.6%) (95.4%, 99.3%) (91.0%, 98.5%) (91.9%, 97.7%)
Weighted F1 0.901 0.804 0.827 0.910 0.810 0.827
cighted Bl score (0.870, 0.934) (0.741,0.860) (0.785, 0.868) (0.877, 0.936) (0.745, 0.867) (0.787, 0.865)
Balanced 84.1% 72.4% 80.3% 85.0% 73.3% 80.3%
Reader 5 alanced accuracy (79.0%, 89.1%) (65.8%, 78.8%) (75.9%, 84.5%) (80.3%, 89.4%) (66.5%, 79.6%) (76.4%, 84.2%)
(12 years) Sensitivit 72.1% 49.2% 65.5% 73.3% 50.8% 65.5%
censitivity (62.0%, 81.2%) (36.5%, 61.9%) (57.9%, 73.8%) (64.2%, 81.7%) (38.5%, 63.2%) (57.9%, 72.9%)
Specificit 96.1% 95.7% 95.0% 96.8% 95.7% 95.0%
pectlicity (93.5%, 98.2%) (92.1%, 98.6%) (92.0%, 97.7%) (94.6%, 98.6%) (91.8%, 98.7%) (92.0%, 97.6%)
Weighted F1 0.833 0.749 . 0.940 0.829 0.850
cighted 'l score (0.784, 0.880) (0.673,0.818) (0.647, 0.761) (0.912, 0.966) (0.767, 0.887) (0.809, 0.892)
Balanced accurac 69.8% 64.9% 67.7% 87.8% 74.7% 82.3%
Reader 6 y (64.4%, 75.3%) (58.9%, 70.8%) (63.9%, 71.9%) (83.0%, 92.4%) (68.7%, 81.5%) (78.4%, 86.7%)
(6 years) Sensitivit 39.5% 30.5% 35.9% 75.6% 50.8% 65.5%
cnsiivity (28.7%, 50.6%) (18.5%, 42.6%) (28.3%, 44.2%) (65.9%, 84.7%) (38.3%, 64.2%) (57.8%, 74.1%)
Specificit 100.0% 99.3% 99.5% 100.0% 98.6% 99.1%
pectticity (100.0%, 100.0%) (97.8%, 100.0%) (98.5%, 100.0%) (100.0%, 100.0%) (96.4%, 100.0%) (97.6%, 100.0%)
Weighted F1 0914 0.760 0.790 0.929 0.813 0.831
cighted X'l score (0.881, 0.943) (0.694, 0.830) (0.747, 0.833) (0.899, 0.955) (0.749, 0.871) (0.786, 0.870)
Balanced 84.6% 67.0% 76.2% 87.1% 73.2% 80.6%
Reader 7 alanced accuracy (79.6%, 89.1%) (60.0%, 73.6%) (72.0%, 80.5%) (82.2%, 91.4%) (66.3%, 79.7%) (76.5%, 84.8%)
(18 years) Sensitivit 70.9% 39.0% 57.9% 75.6% 49.2% 64.8%
ensiivity (61.3%, 80.0%) (26.0%, 52.2%) (50.3%, 66.2%) (66.2%, 84.0%) (35.6%, 61.8%) (56.6%, 72.9%)
Specificity 98.2% 95.0% 94.5% 98.6% 97.2% 96.4%

(96.5%, 99.6%)

(91.4%, 98.5%)

(91.5%, 97.1%)

(97.0%, 99.7%)

(94.2%, 99.3%)

(93.4%, 98.6%)

Data in parentheses represents the 95% confidence intervals.
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Software and code

Policy information about availability of computer code

Data collection  The CT scans were collected from six nationwide cohorts (Sites A-F) and four international public datasets (CT-RATE, NLST, LIDC and LungCT).
The mammography exams were collected from two datasets (Site A and Site G).
The CT-mammography pairs were collected from Site A.
Please see detailed descriptions in Methods.

Data analysis Torchvision (version 0.20.1) and SciPy (version 1.14.1): used for image preprocessing
Python (version 3.10.10) and PyTorch (version 2.5.1): used to train, validate and test deep learning models
MedCalc (version 19.0.7) and SPSS (version 22.0): used for statistical analysis
The source codes of OMAFound are available in GitHub at https://github.com/Qian-IMMULab/OMAFound.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The main data supporting the results in this study are available within the paper and its Supplementary Information. The CT, mammography, and paired CT-
mammography datasets from participating medical centers are protected due to patient privacy and IRB restrictions. However, a portion of the test data can be
made available for academic purposes from the lead corresponding author X.Q. upon reasonable request, with the approval of the hospital IRBs and a signed data-
use agreement. The public datasets can be accessed from: CT-RARE at https://huggingface.co/datasets/ibrahimhamamci/CT-RATE, NLST at https://
biometry.nci.nih.gov/cdas/learn/nlst/images/, LIDC at https://cancerimagingarchive.net/collection/lidc-idri, LungCT at https://cancerimagingarchive.net/collection/
lung-pet-ct-dx.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender For breast, 100% data in our study was collected from female patients.
For lung, the data was randomly recruited from male and female patients.

Reporting on race, ethnicity, or All nationwide datasets were collected from Asian population across various regions.

other socially relevant The international datasets cover a different race and ethnicity.
groupings
Population characteristics The patients' age range in Site A-CTunlabeled is from 18 to 93, 63.5% females

The patients' age range in Site A-CTbreast is from 18 to 98, 100% females

The patients' age range in Site A-CTlung is from 22 to 95, 65.7% females

The patients' age range in Site B is from 20 to 95, 100% females

The patients' age range in Site Cis from 19 to 93, 52.3% females

The patients' age range in Site D is from 18 to 88, 50.6% females

The patients' age range in Site E is from 20 to 89, 49.7% females

The patients' age range in Site F is from 18 to 88, 42.2% females

The patients' age range in Site G is from 18 to 90, 100% females

The population in international datasets (CT-RATE, NLST, LIDC and LungCT) are public available.
See details in Table 1 and Extended Data Table 1.

Recruitment Our retrospective study in this investigation was approved by the institutional review board (IRB) of the hospitals with a
waiver granted for the requirement of informed consent. With respect to the prospective study, all participants signed an
informed consent developed and approved by IRB of the participated hospitals. All images processed for this investigation
were therefore de-identified.

Ethics oversight The First Affiliated Hospital of Anhui Medical University Ethics Committee (Site A, Site C)
No.2 People’s Hospital of Fuyang City Ethics Committee (Site B)
Lu’an Peoples’s Hospital Ethics Committee (Site D)
Weifang Traditional Chinese Hospital Ethics Committee (Site E)
Xuancheng People's Hospital Ethics Committee (Site F)
Anhui No.2 Provincial People’s Hospital Ethics Committee (Site G)

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size On the basis of published literature, it is generally agreed that deep-learning models require on the order of tens of thousands examples.
Thus, we collected as much available data as possible based on the inclusion criteria. See detailed dataset descriptions in Methods.
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Data exclusions  See Extended Data Fig 1.

Replication An anonymous patient ID was used to ensure that no data overlapped among training, validation, and test cohort, thus preventing any
potential label leakage due to the presence of cases from previous visits. The replication of OMAFound is validated on large-scale
retrospective and prospective cohorts (six nationwide datasets and four international datasets)

Randomization  Samples meeting the inclusion criteria were randomly allocated to training, validation and test cohorts.

Blinding Radiologists in the clinical evaluation were blinded to the ground truth and were not involved in dataset collection stages.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies [] chip-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology g |:| MRI-based neuroimaging

Animals and other organisms
Clinical data
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Clinical data

Policy information about clinical studies

All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration  the clinical study was prospectively registered at www.chictr.org.cn (identifier: ChiCTR2400081249)
Study protocol can be found at www.chictr.org.cn (identifier: ChiCTR2400081249)

Data collection We conducted a prospective real-world multicenter study involving 21,601 screening participants who underwent low-dose CT scans
across four medical centers, resulting in cohorts of 10,680 patients (5,581 females) at Site C (15 breast cancer and 62 lung cancer),
1,214 patients (614 females) at Site D (12 breast cancer and 10 lung cancer), 5,181 patients (2,576 females) at Site E (14 breast
cancer and 27 lung cancer), and 4,526 patients (1,911 females) at Site F (43 breast cancer and 57 lung cancer). The data collection
period is between January 2024 and December 2024

Outcomes The AUCs, weighted F1 score, balanced accuracy, sensitivity and specificity of the Al models.
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