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Large-scale esophageal cancer screening 
through noncontrast computed 
tomography and artificial intelligence
 

The absence of accurate, noninvasive, scalable screening tools keeps early 
esophageal cancer (EC) detection a global health challenge. Although 
noncontrast computed tomography (NC CT) is widely accessible, the 
esophagus is a hollow tubular structure prone to collapse and motion artifacts, 
making small early malignant lesions difficult to distinguish from normal tissue. 
Here we developed the Esophageal AI-Guided malignant Lesion Evaluation 
(EAGLE) model to detect precancerous lesions and cancer from chest NC CT, 
a task historically considered impossible. EAGLE was trained on 6,813 patients 
from two centers and validated across 12 centers in three countries involving 
80,612 patients in opportunistic and population-based screening settings.  
For opportunistic screening on existing CT scans, multicenter external test 
cohorts (eight centers, n = 11,466) achieved 98.5% specificity, with 90.0% 
sensitivity for cancer and 52.5% for precancerous lesions; low-dose CT 
(LDCT) validation (two centers, n = 1,607) showed comparable performance, 
supporting EC screening through lung-cancer screening programs. Calibration 
in a real-world cohort (three centers, n = 35,402) reduced false positives by 
72.7% while preserving sensitivity; prospective hospital validation (n = 17,446) 
achieved a 42.2% PPV, and real-world low-dose screening (n = 10,959) 
reached 99.94% specificity. EAGLE also detected precancerous lesions—in 
paired CT–endoscopy cohorts (two centers, n = 702), sensitivities were 
65.0% for precancerous lesions and 78.4% for stage I EC at a higher-sensitivity 
operating point. Exploratory analyses of a prospectively enrolled cohort 
suggest that referring high-risk individuals for endoscopy could improve 
screening efficiency. In conclusion, EAGLE has the potential to serve as a scalable 
tool for early EC screening. Chictr.org.cn identifier: ChiCTR2300074806.

Esophageal cancer (EC) is one of the most common digestive tract 
cancers worldwide, with estimated 511,000 new cases and 445,000 
deaths in 2022 (ref. 1). EC comprises two major histological subtypes, 
esophageal squamous cell carcinoma (ESCC) and esophageal adeno-
carcinoma (EAC), which differ substantially in their risk factors, ana-
tomical locations and geographic distributions. It remains a critical 
global health issue, characterized by high mortality rates due to its 
frequent diagnosis at advanced stages and the absence of formalized 

screening programs2,3. Although the prognosis of EC has improved in 
the past decades, survival remains unsatisfactory, as the 5-year over-
all survival rates are 36.9% in China and 18.5% in the United States4,5. 
While high-risk population-based endoscopic screening has made a 
substantial contribution to the early detection and intervention of EC 
in China6–8, its invasive nature and low compliance make it impracti-
cal for large-scale screening of asymptomatic populations globally, 
particularly in countries and regions lacking adequate endoscopy 
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often confined to the epithelial layer (high-grade intraepithelial neo-
plasia, HGIN) or invading only the mucosa or submucosa (stage I). 
In addition, the esophagus is a thoracic organ with a long, narrow 
tubular structure and is therefore frequently affected by physiological 
collapse and susceptible to motion from the heart and great vessels, 
making subtle lesions difficult to distinguish from normal tissue and 
limiting the utility of CT for EC screening. Consistent with this, a recent 
study revealed that the majority of individuals who died from EC had 
no suspicious esophageal findings documented in their chest NC CT 
reports within the preceding 5 years17. Recent advancements in artificial 
intelligence (AI) have shown that data-driven models can detect subtle 
lesions on medical images18–23, and have highlighted the potential of 

infrastructure. Nonendoscopic methods, such as liquid biopsy9–13 and 
sponge cytology14,15, have been evaluated for EC screening, but the 
moderate sensitivity in early-stage cancer, the substantial costs and the 
requirement of several visits to the clinics pose challenges for their wide 
implementation. An accurate, noninvasive, cost-effective and rapid 
tool for worldwide EC screening remains an unsolved clinical problem.

Noncontrast computed tomography (NC CT) is a widely used 
medical imaging protocol in routine clinical visits and physical exami-
nations, showing characteristics that are noninvasive, cost-effective 
and rapid16. However, identifying esophageal malignancies on NC 
CT is challenging even for experienced radiologists, largely because 
early-stage esophageal malignant lesions can be extremely small, 
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Fig. 1 | Overview of the EAGLE development, validation and clinical integration  
framework. a, AI model development. EAGLE was designed to process NC  
CT scans for EC diagnosis, output binary classification (positive/negative),  
malignant lesion masks and heatmaps that highlight regions contributing  
to diagnostic decisions. EAGLE was trained on CT datasets from two medical  
centers, and each malignant case included histopathology-confirmed labels  
and expert-annotated lesion masks. b, Multiscenario evaluation. Validation of  
opportunistic screening in the hospital, including an internal validation cohort,  

an external validation cohort across eight centers from three countries  
(China, Czech Republic and Australia), a reader study, a large-scale real-world 
study and a prospective validation. Validation in existing LDCT-based programs, 
including a retrospective assessment on two centers, and a real-world LDCT 
cohort. c, AI-guided optimization of existing clinical workflows. Four strategic 
implementation scenarios demonstrate EAGLE’s potential to enhance existing  
EC care pathways. CAM, class activation mapping; w/o, without.
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AI approaches to improve cancer screening24–27, offering an avenue 
for early EC detection on NC CT. Enabling EC screening could open 
new possibilities for chest NC CT scans (40% of all CT examinations28) 
that already cover the full esophagus, including both regular-dose CT 
obtained during clinical visits and LDCT used in lung-cancer screen-
ing programs. Particularly, given that LDCT lung-cancer screening 
is now performed worldwide, and smoking is a shared risk factor for 
lung and ECs29,30, integrating EC detection into LDCT workflows may 
enable a one-scan, multicancer screening paradigm without requiring 
additional imaging procedures. At the same time, LDCT introduces an 
additional level of difficulty for esophageal lesion detection because 
it has lower image quality and increased noise.

In this study, we present Esophageal AI-Guided malignant Lesion 
Evaluation (EAGLE; Fig. 1), a new AI model that not only identifies EC 
but also detects malignant precancerous lesions (HGIN). This capabil-
ity supports the potential expansion of AI from opportunistic finding 
to active population-based prevention—it not only achieves high accu-
racy in opportunistically identifying malignancies missed by the stand-
ard of care (SOC), but also improves efficiency in population-based 
endoscopic screening. For ‘opportunistic screening’, where EAGLE 
operates at high specificity, multicenter reader studies showed that 
it significantly enhances radiologists’ ability to identify early cancers 
while lowering the false-positive (FP) rate; large-scale multicenter 
external validation across three countries confirmed its generaliz-
ability in hospital scenarios; a simulation training strategy demon-
strated comparable specificity and sensitivity to those achieved with 
regular-dose scans in an LDCT cohort; and large-scale real-world 
studies recalibrated the model to markedly lower the FP rate without 
sacrificing sensitivity, confirmed exceptionally high specificity in a 
consecutive physical examination LDCT cohort and demonstrated 
a clinically desirable positive predictive value (PPV) in a prospective 
hospital validation.

EAGLE also showed potential to boost established ‘population- 
based endoscopic screening programs’, where it operates at a high 
sensitivity threshold to minimize the risk of missed cancers—we ret-
rospectively evaluated performance on NC CT scans from individuals 
who underwent endoscopic screening at two external centers, and 
integrated EAGLE into a standard endoscopic screening workflow for 
a prospectively enrolled high-risk cohort, where simulation analysis 
suggested that using EAGLE for pre-endoscopy risk stratification could 
markedly reduce unnecessary endoscopic procedures while preserving 
cancer detection, thereby improving the detection rate and coverage 
of current endoscopic screening programs.

Results
The EAGLE model
EAGLE identifies high-risk patients with malignant esophageal lesions 
using NC CT scans, outputting binary classification (positive or nega-
tive), malignant lesion segmentation masks and classification heat-
maps that highlight regions contributing to diagnostic decisions 
(Fig. 1a). Positive cases were defined as malignant esophageal lesions, 
including histology-confirmed esophageal carcinoma (EC) and HGIN. 
Negative controls were patients without EC and HGIN, who were con-
firmed by at least 2 years of clinical follow-up or negative endoscopic 
screening within 1 year in the retrospective datasets. The standard of 
truth for all cohorts is provided in Supplementary Table 3. EAGLE was 
trained on a two-center cohort of NC CT scans from 6,813 patients 
(264 = HGIN, 548 = stage I, 2,932 = stages II–IV and 3,069 = negative 
controls) from Sun Yat-sen University Cancer Center (SYSUCC) and 
Sichuan Cancer Hospital (SCCH). The patient characteristics are shown 
in Extended Data Table 1. Besides patient-level classification labels, 
EAGLE was also supervised by voxel-wise annotations, including both 
the esophagus and malignant lesions. We recruited an annotation team 
to perform a rigorous annotation procedure using the cloud-based 
DAMO MED annotation system (Extended Data Fig. 1 and Methods).

EAGLE is a two-stage approach—the first stage localizes the esoph-
agus within the entire three-dimensional (3D) CT scan and the second 
stage simultaneously segments lesions and predicts the esophageal 
malignant probability for the patient. The second stage model consists 
of dual branches, which share multilevel features between the seg-
mentation and classification branches. The patient-level classification 
output is used for risk prediction, whereas the segmentation output 
and classification heatmap localize suspicious lesions and provide 
spatial evidence to support interpretability (Extended Data Fig. 2).

The decision threshold of our model can be adjusted to meet 
specific application requirements. For the opportunistic screening sce-
nario, which involves a general clinical population at the average risk of 
esophageal malignancy, the threshold was set to achieve 99% specific-
ity during cross-validation. When EAGLE was used as a risk-stratification 
tool in the endoscopic screening program for high-risk individuals, the 
threshold was set to achieve 98% sensitivity during cross-validation. 
Detailed information on operation point and threshold selection is 
provided in Methods.

Internal and external validation for opportunistic screening
Regular-dose NC CT validation. EAGLE’s performance on regular- 
dose NC CT was first evaluated in two internal cohorts comprising 
2,500 patients (18 = HGIN, 181 = stage I, 948 = stages II–IV, 134 posi-
tive cases with unavailable staging information, and 1,219 = negative  
controls), followed by testing in eight external cohorts across  
China, the Czech Republic and Australia, comprising 11,466 patients 
(40 = HGIN, 363 = stage I, 2,404 = stages II–IV and 8,654 = negative 
controls). In internal testing, EAGLE achieved an area under the 
curve (AUC) of 0.991 (95% confidence interval (CI) = 0.989–0.994), a  
sensitivity of 89.4% (95% CI = 87.7–91.1%) and a specificity of 99.3%  
(95% CI = 98.8–99.8%; Fig. 2b). External multicenter testing dem-
onstrated consistent performance across institutions and coun-
tries, with AUC of 0.976 (95% CI = 0.972–0.980), sensitivity of 89.5%  
(95% CI = 88.3–90.6%) and specificity of 98.5% (95% CI = 98.2–98.8%; 
Fig. 2b). In the international cohorts, sensitivity was 94.4% in the  
Czech Republic cohort and 90.2% in the Australian cohort, with a  
specificity of 97.2% in the Czech Republic cohort. AUCs of each inter-
nal and external cohort are shown in Extended Data Table 2.

We also analyzed the proportion of esophageal malignancies 
detected by EAGLE in subgroups (Fig. 2d). First, EAGLE could detect 
malignant precancerous lesions and showed high performance for 
cancerous lesions (Fig. 2d; HGIN/EC)—internal validation showed 
sensitivities of 50.0% (95% CI = 27.8–72.2%) for HGIN and 89.9% (95% 
CI = 88.0–91.6%) for EC; external validation further yielded sensitivities 
of 52.5% (95% CI = 37.5–67.5%) for HGIN and 90.0% (95% CI = 88.9–91.1%) 
for EC. Second, for TNM stages of EC, sensitivity increased with stage 
advancement (Fig. 2d; TNM stage). Particularly, for early-stage EC 
(stage I), EAGLE achieved a sensitivity of 65.7% (95% CI = 58.6–72.4%) 
in the internal test and 60.1% (95% CI = 54.8–65.0%) in the external test. 
Example cases of HGIN and stage I EC are shown in Fig. 2h. Third, EAGLE 
demonstrated higher sensitivity for lesions in the middle esopha-
gus than for those at the esophagogastric junction (EGJ). Histologic 
subtype-specific analyses showed performance across both ESCC 
and EAC, and detection of EAC can be improved after the incorpora-
tion of additional EAC training cases (Supplementary Fig. 9). In both 
the internal and external test cohorts, sensitivity was higher in males 
than in females. Performance was also higher in patients with body 
mass index ≤22.

LDCT validation. To assess EAGLE’s performance on chest LDCT, we 
collected 147 LDCT scans from patients with esophageal malignancy 
and 1,460 LDCT scans from negative controls at Shanghai Institution 
of Pancreatic Diseases (SIPD; center C) and SCCH (center B). A low-dose 
simulation tool31 was used to generate simulated LDCT data from the 
training set, and we trained a corresponding model, termed EAGLE with 
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Fig. 2 | Internal and external validation for opportunistic EC screening.  
a–d, Results from NC CT test cohorts. a, ROC curves of EAGLE in internal 
(n = 2,500) and external NC CT test cohorts (n = 11,466). b, The sensitivity, 
specificity and AUC. c, The sensitivity, specificity and AUC of EAGLE in each 
center of external NC CT test cohorts (centers C–J). d, The proportion of 
esophageal malignancies detected by EAGLE for HGIN and EC, TNM stages, 
histology subtype, locations of lesion, sex and BMI of patients. e–g, Results from 
LDCT test cohorts (centers B and C, n = 1,607). We report the performance of 
EAGLE with or without LDCT simulation strategy. e, ROC curves. f, The sensitivity, 

specificity and AUC. g, The proportion of esophageal malignancies detected for 
HGIN and EC, and TNM stages. h, Four malignant lesion examples detected by 
EAGLE. Lesion segmentation masks and heatmap visualizations are provided. 
In b–d, f and g, error bars indicate two-sided 95% CI computed from 1,000 
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sided DeLong test; no adjustment was made for multiple comparisons. Results 
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ROC, receiver operating characteristic; BMI, body mass index.
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LDCT simulation (Fig. 2e,f and Methods). At the operating threshold 
corresponding to 99.0% specificity, EAGLE with LDCT simulation model 
achieved an overall sensitivity of 88.4% (95% CI = 83.2–88.7%), signifi-
cantly outperforming the original EAGLE’s 83.0% (95% CI = 76.9–88.7%; 
P = 0.024; Fig. 2f). The same trend was observed when stratified by TNM 
stage (Fig. 2g), particularly for HGIN, where the sensitivity reached 
42.9% (95% CI = 21.4–71.4%). Example cases are shown in Fig. 2h. Endo-
scopic findings for both EAGLE-positive and EAGLE-negative predic-
tions are provided in Supplementary Fig. 6.

Ablation studies about different sizes of training data and baseline 
comparisons are provided in the Methods (Extended Data Table 3). 
Increasing the training data led to consistently improved performance, 
particularly in terms of sensitivity (Extended Data Fig. 3). In the internal 
test set of 515 NC CT scans with lesion annotations (Extended Data Fig. 1), 
the mean lesion segmentation of Dice similarity coefficient (DSC) was 
0.744 (95% CI = 0.722–0.766). Interpretability through activation maps 
was provided in Extended Data Fig. 2c.

Reader studies
We conducted two rounds of reader studies with 17 radiologists to eval-
uate EAGLE’s ability to assist clinicians, using 300 NC CT scans collected 
from four centers (two internal and two external). To mitigate potential 
recall bias, a washout period of at least 3 months was implemented 
between two reading rounds. The reader studies were conducted using 
the online DAMO MED system. In the first round, readers classified 
each case as esophageal malignancy or not (Supplementary Fig. 2a). 
For lesion detection, EAGLE outperformed all 17 readers in identifying 
HGIN and EC (Fig. 3a). Its performance was also superior to the reader 
average, with a 19.1% higher sensitivity and an 18.4% higher specificity 
(Fig. 3c; P < 0.001). For early-stage EC, the average sensitivity of the 
17 readers was 36.3% (95% CI = 27.4–46.1%) for HGIN and 59.8% (95% 
CI = 49.3–69.1%) for stage I (Fig. 3d). In contrast, EAGLE achieved signifi-
cantly higher sensitivities than the reader average (P < 0.05), reaching 
65.7% (95% CI = 48.6–80.0%) for HGIN and 87.1% (95% CI = 74.2–96.8%) 
for stage I (Fig. 3d).

In the second round, the readers evaluated the same cases with 
EAGLE’s assistance, including predicted malignant lesion segmenta-
tion and malignancy probabilities (Supplementary Fig. 2b). EAGLE 
assistance improved readers’ accuracy in identifying EC (Fig. 3b)— 
sensitivity improved from 71.9% (95% CI = 67.7–76.4%) to 85.7%  
(95% CI = 82.2–89.2%; Fig. 3c; P < 0.001). Also, EAGLE can help to reduce 
FPs—specificity improved from 79.6% (95% CI = 76.6–82.6%) to 91.7% 
(95% CI = 87.6–95.1%; Fig. 3c; P < 0.001). Notably, EAGLE could help read-
ers in identifying early-stage lesions—the mean reader sensitivity was 
improved by 16.6% (P < 0.05) for HGIN and by 22.7% (P < 0.001; Fig. 3d) 
for stage I. With the help of EAGLE, the residents’ performance with AI 
could approach that of esophageal specialists (Fig. 3e). Representa-
tive cases were shown in Fig. 3f, where most readers failed to identify 
them in the first round. With the assistance of EAGLE, more readers 
could identify those malignant esophageal lesions in the second round.

Real-world validation for opportunistic screening
Model calibration and real-world retrospective validation. To con-
trol the workload of radiologists and reduce downstream evaluation 
of patients in real-world opportunistic screening, a lower FP rate is par-
ticularly important. Therefore, we conducted a large-scale (n = 35,402) 
multiscenario real-world study across three large-volume medical 
centers (SIPD, SYSUCC and SCCH). The model was calibrated through 
hard cases from the first cohort of each center (RW1), and then the 
enhanced model (termed EAGLE-Plus) was evaluated on the second 
cohort of each center (RW2). Two time points were used to define the 
standard of truth for each patient—the initial SOC, referring to the 
diagnosis made at the initial clinical visit when the NC CT was acquired; 
and the follow-up SOC, referring to the diagnosis established during 
subsequent follow-up before EAGLE evaluation.

The RW1 cohort enrolled 20,758 consecutive patients from three 
centers, of whom 285 were diagnosed with esophageal malignancies. 
EAGLE demonstrated a sensitivity (89.6%; 95% CI = 86.1–93.5%), com-
parable to that in the external test cohort, but the specificity decreased 
to 95.5% (95% CI = 95.3–95.8%; Supplementary Fig. 3a). This decrease 
in specificity was primarily attributed to the inclusion of patients 
from outpatient, inpatient and emergency settings, whose clinical 
profiles differed substantially from the curated cohorts used for model 
development (Supplementary Fig. 3b). Notably, EAGLE identified 
three esophageal malignant cases that were missed by the initial SOC 
(Fig. 4a). One lesion was detected 21 months earlier than standard 
clinical diagnosis.

To reduce FPs, we implemented an iterative refinement using 
‘hard cases’ identified during deployment across three clinical centers 
(RW1; Methods). In the RW2 cohort (n = 14,644), which included 163 
cases of HGIN or EC, EAGLE-Plus led to a 72.7% reduction in FPs (from 
432 to 118; Fig. 4a). Consequently, the PPV more than doubled, improv-
ing from 25.3% (95% CI = 23.2–27.3%) to 55.0% (95% CI = 50.4–59.5%; 
P < 0.001). Regarding sensitivity, EAGLE-Plus (88.3%; 95% CI = 83.4–
93.3%) maintained comparable performance to EAGLE (89.8%; 95% 
CI = 86.1–93.5%; P = 0.6186; Supplementary Fig. 3c,e). Furthermore, 
EAGLE-Plus demonstrated high specificity in four clinical scenarios, 
notably reaching nearly 100% specificity in the physical examination 
scenario (Supplementary Fig. 3f).

Prospective validation in hospital setting. To assess whether 
EAGLE-Plus could maintain performance and identify unrecognized 
esophageal malignancies in real-world clinical applications, EAGLE-Plus 
was deployed in SIPD for a prospective validation from 1 January to 30 
April 2025. Follow-up of AI-positive cases was completed by 31 July 
2026. In total, EAGLE-Plus processed 17,446 patients during the study 
period (Extended Data Fig. 4 and Methods).

By the end of follow-up, 41 ECs and 6 HGIN lesions were confirmed 
among all enrolled individuals. EAGLE-Plus generated 90 positive 
predictions, corresponding to a positive rate of approximately 0.5%. 
Of these, 38 AI-positive cases (36 = ECs, 2 = HGIN) were confirmed as 
true positives, yielding a sensitivity of 87.8% (95% CI = 77.4–97.3%) for 
EC and 80.9% (95% CI = 69.2–91.3%) for esophageal malignancy, with 
a PPV of 42.2% (95% CI = 31.8–52.1%). Of the remaining 52 AI-positive 
cases, 28 had esophageal and peri-esophageal findings, 19 were con-
sidered negative or reported no esophageal symptoms on follow-up 
and 5 were lost to follow-up.

Of the 90 AI-positive individuals, 48 had already been managed 
by the initial SOC pathway (Extended Data Fig. 4). Among the remain-
ing 42 individuals, the multidisciplinary team (MDT) referred 16 for 
endoscopy, corresponding to an AI-triggered referral rate of 0.09% 
(16/17,446). Of these referred individuals, three completed endoscopy, 
yielding one EC (T3N0M0) and two negative cases. The patient with 
EC subsequently underwent definitive interventional therapy (Fig. 4b 
and Supplementary Fig. 4a). Among the other 13 referred individuals, 
9 underwent structured telephone follow-up and reported no esopha-
geal symptoms and 4 were lost to follow-up. The remaining 26 were not 
referred because the findings were considered nonmalignant or nega-
tive after the review of available clinical records. Detailed information 
on each AI-positive prediction is provided in Extended Data Table 4, 
and representative examples of HGIN and EC cases are illustrated in 
Supplementary Fig. 4.

Real-world retrospective validation in LDCT program. To further 
evaluate EAGLE-Plus within established LDCT programs for asymp-
tomatic populations, we conducted a retrospective validation from 
1 July 2024 to 31 December 2024, comprising 10,959 consecutive par-
ticipants aged 45 to 75 years. For EAGLE-Plus-predicted positive cases, 
MDT reviewed initial radiology reports and available clinical records 
at SIPD.
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EAGLE-Plus generated eight positive predictions from all partici-
pants, corresponding to a positive rate of 0.07%. One of these cases 
had not been reported as suspicious in the initial radiology report but 
was confirmed as EC 8 days later (Fig. 4c and Supplementary Fig. 5). 
Five patients did not undergo the MDT-recommended endoscopic 
examination. Three patients were diagnosed with esophageal dis-
ease—one with benign esophageal tumor, one with reflux esophagitis 

and another with esophagotracheal fistula, a serious disease that 
requires immediate care. In addition, SOC recalled two participants 
due to suspicious findings for further endoscopic examinations, 
both were predicted as negatives by EAGLE-Plus, and neither showed 
esophageal abnormalities on endoscopy. In total, EAGLE-Plus model 
achieved a PPV of 12.5% (95% CI = 7.1–25.0%) and a specificity of 99.94% 
(95% CI = 99.88–99.97%).
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Fig. 3 | Comparative analysis of EAGLE and radiologists. a, The comparison 
between EAGLE and 17 readers with different levels of expertise on NC CT for 
esophageal malignancy detection. b, The performance in esophageal malignancy 
detection of the same set of 17 readers with the assistance of EAGLE on NC CT.  
c, The sensitivity, specificity and AUC of readers alone, EAGLE alone and readers 
with the assistance of EAGLE in the reader study cohort. d, The sensitivity of HGIN 
and EC in different TNM stages by readers alone, EAGLE alone and readers with 

the assistance of EAGLE. e, The balanced accuracy improvements in readers with 
different levels of expertise for EC detection. f, Examples of ECs initially missed 
by readers on NC CT, and identified with the assistance of EAGLE; contrast-
enhanced CT scans were only used for reference purposes in this figure. In c and 
d, error bars indicate two-sided 95% CI computed from 1,000 bootstrapping 
iterations. P values computed through two-sided paired permutation tests; no 
adjustment was made for multiple comparisons.
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EAGLE risk-stratified endoscopic screening
External validation on paired NC CT–endoscopy data. China has 
implemented nationwide EC screening programs by endoscopy 
in high-incidence areas. To evaluate EAGLE’s performance in this 
high-risk population, we collected NC CT scans from two designated 
EC screening centers—Suining Central Hospital (SNCH) and Lishui 
Central Hospital (LCH). Given the requirement for high sensitivity in 
population-based screening, EAGLE’s operating threshold was set to 
achieve 98% sensitivity during cross-validation to support its utility as 
a risk-stratification tool before the endoscopic examination.

This dual-center, external validation cohort (n = 702) was estab-
lished through retrospective medical record review of patients who 
had undergone both endoscopic examination and NC CT. Among 552 
malignant cases, 68.6% were HGIN or stages I–II EC. EAGLE achieved 
an overall AUC of 0.932 (95% CI = 0.909–0.954), sensitivity of 90.2% 
(95% CI = 87.8–92.7%) and specificity of 84.7% (95% CI = 79.1–90.3%). 
Stage-specific sensitivities are shown in Fig. 5c—EAGLE detected 
EC with 92.2% (95% CI = 89.8–94.5%) sensitivity, HGIN with 65.0%  
(95% CI = 50.0–80.0%) sensitivity and stage I EC with 78.4%  
(95% CI = 71.9–84.3%) sensitivity. Sensitivity for stage IV cases was  
lower (89.5%) than for earlier stages, owing to two false-negative meta-
static (M1) cases that were T1 lesions.

Validation of prediagnostic detection ability. To assess whether 
EAGLE could identify EC patients on CT scans obtained before clinical 
diagnosis, we retrospectively collected available NC CT scans for 28 
EC patients at LCH. EAGLE classified 18 of 28 patients (64.3%) as posi-
tive based on their prediagnostic CT scans. Notably, EAGLE detected 
four patients from CT scans obtained ≥9 months before EC diagnosis, 
including two stage I, one stage II and one stage III cases (Fig. 5d).

EAGLE as a risk-stratification tool before endoscopic screening. 
The ability of EAGLE to detect precancerous malignant lesions suggests 
its potential to have a role in proactive prevention settings, as progres-
sion from HGIN to stage I EC is relatively slow (annual progression 
rate = 8–18%32), providing a meaningful window for earlier malignant 
lesion identification through repeated screening. To explore the poten-
tial role of EAGLE in an endoscopy-based screening program, we invited 
the patients from the program in SNCH to have an NC CT scan before 
the endoscopy. Between 7 July and 26 July 2023, 530 participants who 
agreed to the CT examination were prospectively enrolled (Chictr.org.
cn identifier: ChiCTR2300074806). Among them, six had precancerous 
lesions (HGIN), and no invasive cancers were found in this cohort. To 
enable an exploratory analysis under a prevalence structure closer to 
that expected in high-risk populations undergoing endoscopy, that 
is, an HGIN-to-EC incidence ratio of 2:1 (ref. 2), we generated a hybrid 
dataset by adding three EC cases through resampling from the SNCH 
test cohort (Fig. 5e and Methods). This yielded a hybrid cohort of 533 
patients (Extended Data Fig. 5), comprising nine esophageal malignant 
cases (six HGINs and three ECs) and 524 negative controls, correspond-
ing to a detection rate of 1.7% (9/533). In this generated hybrid cohort, 
EAGLE achieved a sensitivity of 76.0% (95% CI = 73.8–78.2%) and a speci-
ficity of 76.3% (95% CI = 72.9–80.1%). The negative predictive value is 
99.46% (95% CI = 99.42–99.51%), indicating a low missed-cancer risk in 
negative results in this setting.

When EAGLE was used as a risk-stratification tool to triage only 
EAGLE-identified high-risk patients for endoscopic examination 
(Fig. 5e), the simulations indicated that approximately 131 patients 
(130.8; 95% CI = 130.6–131.0) would be classified as positive. In the simu-
lation, EAGLE detected 6.8 (95% CI = 6.6–7.0) true positives with four 
of six HGIN cases and 2.8 cancers (95% CI = 2.6–3.0), missed two HGIN 
cases. This EAGLE risk-stratification strategy increased the malignant 
lesion detection rate of endoscopy from 1.7% (9/533) to 5.2% (6.8/130.8; 
95% CI = 5.1–5.4%; P < 0.01). The number of participants needed to be 
screened to detect one esophageal malignant patient would decrease 

from 59.2 (533/9) to 19.2 (130.8/6.8; 95% CI = 18.6–19.8). Consequently, 
67.6% endoscopic examinations could be avoided, representing 
approximately a threefold improvement in endoscopy efficiency.

To further evaluate the impact of the EAGLE risk-stratified strategy 
on efficient use of resources and safety, we analyzed the distribution 
of esophageal lesions in both positive and negative prediction groups. 
Among the positive predictions without malignancy (n = 124), nearly 
half (n = 59, 47.6%) had esophageal abnormalities requiring dedicated 
follow-up endoscopy, including 14 LGIN (a nonmalignant precancerous 
lesion) and 45 precancerous esophageal diseases (Extended Data Fig. 5). 
These findings suggest that EAGLE could reduce unnecessary proce-
dures while identifying clinically relevant lesions among its FP pre-
dictions. In the EAGLE-negative group (n = 402), 99.5% participants 
(n = 400) showed no evidence of esophageal malignancy, and the 
remaining two cases were HGIN (a malignant precancerous lesion), 
indicating that EAGLE maintains a high level of safety in its negative pre-
dictions (Extended Data Fig. 5). Precancerous lesions and diseases that 
require dedicated follow-up endoscopy were determined according to 
the Chinese national guideline (Supplementary Table 2)33. Representa-
tive examples were shown in Supplementary Fig. 8.

Discussion
We present EAGLE, an imaging AI-based approach to detect esophageal 
malignancy from routine chest NC CT scans. Through comprehensive 
real-world validation, EAGLE showed robust performance and poten-
tial translation relevance across diverse clinical applications for EC 
screening. EAGLE’s clinical values manifest in the following scenarios: 
(1) EAGLE demonstrated high sensitivity and exceptional specificity in 
hospital settings, while also establishing the capability of AI to detect 
precancerous lesions on NC CT scans. (2) Radiologists showed signifi-
cantly enhanced diagnostic accuracy through EAGLE’s interpretable 
outputs, establishing its role as a decision-support tool. (3) EAGLE 
could repurpose established lung-cancer screening programs for EC 
screening, expanding the significance of established large-scale LDCT 
examinations. (4) EAGLE demonstrated prescreening capabilities for 
population-based endoscopic programs by prioritizing high-risk indi-
viduals and optimizing endoscopy resource allocation.

EAGLE supports early detection of EC on NC CT and LDCT, even at 
precancerous stages19,22. The operating point of EAGLE can be adjusted 
by varying the threshold. At a 98.5% specificity, external validation 
across eight centers showed approximately 60% sensitivity for stage I 
EC and 52.5% for HGIN. At a matched specificity of 91.0%, corresponding 
to that of a noninvasive liquid biopsy34, EAGLE’s sensitivity for stage I 
EC increased to 73.4%. This capability is supported by a large training 
set containing 264 HGIN and 548 stage I cancers (Fig. 1a), each with 
voxel-level lesion masks that provided strong supervision and enabled 
the model to learn subtle signatures on NC CT (Extended Data Fig. 1). 
Notably, reliable voxel-level annotation of HGIN and early cancers 
stemmed from an annotation strategy that integrated information 
across the clinical workflow rather than relying solely on lesion vis-
ibility on CT—pathology reports from endoscopic surgery provided 
centimeter-level localization, which was cross-referenced with 
abnormalities identified by esophageal-specialized radiologists on 
contrast-enhanced CT through a standardized, expert-adjudicated 
two-annotator workflow (Methods). This framework may inform 
early-detection approaches for other cancers long considered imprac-
tical for NC CT, as integrating complementary clinical information 
across the diagnostic workflow can enable reliable annotation.

EAGLE enhances radiologists’ diagnostic accuracy for esophageal 
malignancies. In clinical practice, radiologists encounter challenges in 
distinguishing between normal esophageal constrictions (for exam-
ple, physiological narrowing) and early-stage EC. In the reader study, 
EAGLE outperformed human radiologists on early-stage esophageal 
malignancies on NC CT and, when used as assistance, significantly 
improved their sensitivity for HGIN and stage I EC. The reader study 
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also indicated that the AI model’s standalone performance was not fully 
translated into human–AI collaboration. This may be because evalu-
ation of early-stage esophageal malignancy on NC CT is not currently 
part of standard clinical practice, radiologists generally lack specific 

training for this task, and they may show bias when interpreting AI 
alerts for nonroutine indications. In addition, EAGLE’s activation maps 
and lesion segmentation indicate the most suspicious areas of the 
esophagus (Extended Data Fig. 2), which would enhance radiologists’ 
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prioritization of esophageal malignant lesions. Given the widespread 
use of chest NC CT for clinical indications and routine physical examina-
tion in China, EAGLE can be deployed in hospitals with limited radiology 
resources to bridge diagnostic gaps in EC detection, thereby increasing 
the rate of subsequent endoscopic confirmation and redefining the 
standard pathway for early EC intervention.

EAGLE supports integrating EC screening into established LDCT 
lung-cancer screening and general physical examination workflows, 
transforming these platforms into dual-cancer screening systems 
without compromising operational efficiency. Annual LDCT screening 
is recommended by the US Preventive Services Task Force for individu-
als at high risk of lung cancer (aged 50–80 years with ≥20 pack-year 
smoking history)30,35. Notably, smoking represents a shared risk factor 
for both ESCC and EAC29, while LDCT scans for lung-cancer screening 
inherently include full visualization of the esophagus. This overlap 
in risk factors and anatomical coverage suggests that integrating EC 
screening into established LDCT lung-cancer screening programs 
potentially represents a pragmatic strategy for identifying esophageal 
malignancy. In our two-center cohort, the model with LDCT simula-
tion strategy achieved sensitivity and specificity for detecting EC 
comparable to its performance on NC CT, including the detection of 
precancerous lesions, demonstrating robust generalization to LDCT 
imaging despite having been originally trained on NC CT scans. In 
subsequent large-scale, real-world LDCT screening of asymptomatic 
populations, the model maintained a low FP rate (<0.1%), thereby mini-
mizing unnecessary follow-ups and patient anxiety—key requirements 
for practical, population-level screening36.

EAGLE could serve as a pre-endoscopic risk-stratification 
tool combining noninvasive operation, rapid processing and 
operator-independent performance. EC is primarily diagnosed through 
endoscopy, which directly visualizes suspicious lesions. However, 
endoscopic screening shows low detection rates (~0.80%) even in 
high-risk populations37. Endoscopy’s high cost, invasiveness and sub-
optimal patient adherence further constrain its effectiveness in popu-
lation screening, underscoring the urgent need for risk-stratification 
tools to prioritize high-risk candidates for endoscopic validation. When 
implemented at two Chinese endoscopic screening centers, EAGLE 
demonstrated 65.0% sensitivity for HGIN and 78.4% sensitivity for 
stage I EC, with >98% sensitivity across stages II–III EC. The majority of 
missed stage I cases (>90%) were classified as Paris type 0-II (superficial 
and flat)38. This morphology is known to be the most challenging type 
during standard endoscopy. A simulation using prospectively col-
lected data from one screening site suggested that integrating EAGLE 
as a pre-endoscopy triage tool could triple the detection rate of sub-
sequent endoscopic procedures and achieve considerably lower time 
cost—EAGLE risk-stratification tool reduced the required time by 70.4% 
(from 355.33 to 105.10 h), lowered costs in seven of eight countries by 
37.5–64.5% compared to universal endoscopy (Extended Data Fig. 6). 
Moreover, the cumulative early-detection rate of a screening strategy 
depends on the combined effects of test sensitivity, screening fre-
quency, patient adherence and the natural history of disease progres-
sion. The high acceptability of CT screening combined with the indolent 
progression of esophageal precancerous lesions8,32,39 creates an oppor-
tunity to minimize diagnostic gaps. By improving screening frequency 
(for example, annual intervals), this approach may detect early-stage 
premalignant transformations, particularly among high-risk cohorts 
where preventive measures greatly improve prognostic outcomes. A 
similar paradigm has been demonstrated in colorectal cancer screen-
ing using the fecal immunochemical test, which achieves meaningful 
population-level mortality reduction despite only moderate sensitivity 
for early-stage disease40–44.

Our study has several limitations. First, the diversity of the train-
ing and validation populations requires further expansion. Although 
preliminary validation was conducted in two countries outside China, 
broader international validation remains essential, particularly in 

populations with a higher prevalence of distal EC and adenocarcinoma; 
in pilot experiments, adding EGJ/EAC cases to the training set improved 
EAC sensitivity from 86.6% to 91.2% (P < 0.001; Supplementary Fig. 9). 
The observed sex-based differences in sensitivity may also reflect an 
imbalance in the training data due to the markedly higher incidence of 
EC in men4, highlighting the need for more well-annotated data from 
female patients. Second, the value of EAGLE as a pre-endoscopy screen-
ing test requires larger and more mature prospective data. The present 
evidence rests on retrospective paired CT–endoscopy cohorts and a 
simulation from a single prospectively enrolled screening site, in which 
positive cases were limited, as also in the real-world LDCT cohort. Third, 
the follow-up durations in both hospital prospective validation and 
the real-world LDCT validation were less than 2 years, and compliance 
with MDT-recommended endoscopic examinations was suboptimal, 
consistent with the low adherence reported in China13, so the model’s 
true sensitivity may not be fully reflected. Finally, although a 3-month 
washout period and randomized ordering of 300 CT scans were used 
in the reader study, the absence of a full cross-over design means that 
potential recall bias cannot be completely excluded.

In conclusion, as an accurate, noninvasive and rapid tool, EAGLE 
demonstrates the feasibility of identifying esophageal malignant 
and precancerous lesions from NC CT and LDCT. EAGLE has the 
potential to extend the clinical applicability of AI-based CT analy-
sis beyond opportunistic screening settings to risk stratification in 
population-based prevention.

Online content
Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information, 
acknowledgements, peer review information; details of author contri-
butions and competing interests; and statements of data and code avail-
ability are available at https://doi.org/10.1038/s41591-026-04656-4.
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Methods
Ethics approval
For the retrospective study, ethical approval was obtained individu-
ally from the institutional review board of SYSUCC, SCCH, SIPD, First 
Affiliated Hospital of Zhejiang University, Hunan Cancer Hospital 
(HCH), Shantou Central Hospital, Xinjiang Medical University Affili-
ated Cancer Hospital (XMUACH), Fujian Cancer Hospital, General 
University Hospital in Prague, GenesisCare, SNCH and LCH. The study 
was registered at https://www.chictr.org.cn/ (Chictr.org.cn identifier: 
ChiCTR2300074806).

Dataset
This study aims to classify patients into positive and negative catego-
ries, where the ‘positive’ category includes patients with esophageal 
malignancy, including HGIN and EC. Data were used for model training 
and for validation in three clinical scenarios—opportunistic screening 
in hospitals, opportunistic screening in established LDCT programs 
and the population-based endoscopic screening program. For the 
retrospective test cohorts, patient labels were defined as follows: 
cases of esophageal malignancy were confirmed through surgical or 
biopsy histopathology, positive patients in all cohorts were staged 
according to the eighth edition of the American Joint Committee on 
Cancer pathological staging system. Negative controls were defined 
as individuals free of malignant esophageal lesions by at least 2 years 
of clinical follow-up or negative endoscopic results within 1 year. It 
remains possible that a minor fraction of indolent lesions remained 
undetected during the follow-up period, thereby introducing potential 
label noise. Detailed information on the dataset is provided in Sup-
plementary Methods—Training, internal and external validation. The 
standard of truth for each cohort is provided in Supplementary Table 3.

Training data
Internal training cohort. The internal training cohort contains 6,813 
NC CT scans, including 3,744 esophageal malignant patients and 3,069 
negative controls. Among these, 2,716 esophageal malignant cases and 
1,539 negative controls were recruited from SYSUCC (center A), while 
1,028 esophageal malignancy cases and 1,530 negative controls were 
sourced from SCCH (center B).

Annotation protocol. Early-stage esophageal malignant lesions are 
often extremely small, and the esophagus itself is a long, narrow tubular 
organ that frequently undergoes physiological collapse and is subject 
to motion from the heart and great vessels. These factors make subtle 
lesions difficult to distinguish from normal tissues on CT, even on 
contrast-enhanced scans, posing substantial challenges for accurate 
lesion identification and annotation. To address these challenges, 
we established a rigorous annotation protocol in which strong refer-
ence information was provided to two annotators and one expert 
reviewer to ensure high-quality data for EAGLE model development 
(Extended Data Fig. 1). For each patient, paired contrast-enhanced 
CT and NC CT scans with corresponding surgical pathology reports 
were available. We selected the most recent CT scan before the first 
surgery or endoscopy examination. This examination is typically a 
contrast-enhanced CT, and in Chinese cancer hospitals, the same ses-
sion also includes an accompanying NC series. Pathology reports were 
obtained from that surgical or endoscopy episode. Lesion annota-
tions were performed on contrast-enhanced CT volumes due to their 
superior visualization of lesion boundaries. Two radiologists with ≥3 
years’ experience in esophageal imaging independently annotated 
lesions using standardized platforms. Interannotator agreement was 
quantified through DSC—masks with DSC >0.6 were combined as 
gold-standard annotations, while lower agreement cases underwent 
senior radiologist review (>8 years’ expertise). Reviewers integrated 
imaging-pathology data to refine annotations, and excluded cases 
from the training cohort if they could not confidently delineate the 

lesion. Final contrast-enhanced CT annotations were then precisely 
transferred to NC CT through image registration45, applying trans-
formation matrices to achieve voxel-wise alignment. This systematic 
workflow ensured accurate cross-modal ground truth data generation 
for model training and validation.

Validation cohorts for opportunistic screening in hospital
Internal test cohort. The internal test cohort was used to evaluate 
the model’s performance within the same institutional framework 
and comprised 2,500 patients, including 1,281 patients with esopha-
geal malignant lesions, and 1,219 negative controls. Among these, 767 
esophageal malignant patients and 715 negative controls were sourced 
from the SYSUCC; the remaining 223 esophageal malignant patients 
and 504 negative controls originated from the SCCH. Notably, the 
internal test cohort also included some challenging cases of early-stage 
EC or HGIN from the concurrent training cohort for which radiologists 
could not provide lesion annotations (Extended Data Fig. 1). The inclu-
sion of these cases substantially increased the diagnostic complexity of 
the test dataset, allowing for a more rigorous validation of the model’s 
classification performance.

External multicenter test cohort. The external test cohort was used 
to assess the cross-institutional generalizability and was established 
from six centers in China, one center in the Czech Republic (General 
University Hospital in Prague, center I), and one center in Australia 
(GenesisCare, center J). Among centers in China, four centers were 
located in the east (SIPD, center C; First Affiliated Hospital of Zhejiang 
University, center D; Shantou Central Hospital, center F; Fujian Cancer 
Hospital, center H), one center in the central (HCH, center E) and one 
center in the northwest (XMUACH, center G). The inclusion criteria 
were as follows: NC CT scans must fully cover the chest region, encom-
passing the esophagus and EGJ regions. Positive cases were confirmed 
through surgical or biopsy histopathology, while negative controls 
were confirmed based on at least 2 years of clinical follow-up. In total, 
the external test cohort comprised 2,812 patients with esophageal 
malignancy and 8,654 negative controls.

Model calibration and real-world retrospective validation cohort. 
The real-world study collected NC CT scans with continuous time series 
data from SYSUCC, SCCH and SIPD, consisting of 35,402 patients. For 
the real-world cohorts, cases of esophageal malignancy were confirmed 
through surgical or biopsy histopathology, while negative controls 
were determined by clinical follow-up. The dataset from each center 
was divided into two distinct continuous series—one for model calibra-
tion (RW1) and the other for model validation (RW2). The overall RW1 
comprised 20,758 patients for model calibration, and the refined model 
was subsequently evaluated on RW2, comprising 14,644 patients. The 
standard of truth was defined by two time points for each patient—the 
initial SOC, which was the diagnosis at the first visit when the NC CT 
was acquired, and the follow-up SOC, which was the diagnosis during 
subsequent follow-up before model evaluation.

Prospective validation cohort. A total of 17,446 patients were enrolled 
from January 2025 to April 2025 at SIPD. This study aimed to validate the 
clinical reliability of the calibrated EAGLE-Plus model for opportunistic 
screening in real-world clinical settings, particularly uncontrolled, 
high-throughput clinical environments. Esophageal malignancy was 
confirmed by biopsy or surgical pathology. Follow-up of positive pre-
dictions was completed on 31 July 2026.

Validation cohorts for opportunistic screening in established 
LDCT programs
Two LDCT validation cohorts were established to evaluate the model’s 
accuracy and clinical utility in LDCT-based physical examination and 
lung-cancer screening programs.
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LDCT test cohort. This cohort enrolled 147 patients with esophageal 
malignancy and 1,460 negative controls recruited from SCCH and SIPD, 
which were used to assess the generalizability of the EAGLE on LDCT. 
Specifically, from SCCH, we retrospectively collected 1,464 individuals 
who had undergone both chest LDCT and endoscopy as part of routine 
physical examinations, of whom 4 were confirmed to have esophageal 
malignancy by biopsy histopathology. To enhance the estimation of 
LDCT sensitivity, we additionally retrieved 85 patients with esophageal 
malignancy confirmed at SIPD, all of whom had undergone chest LDCT 
within 1 month before confirmation.

Real-world retrospective LDCT validation cohort. This cohort 
enrolled 10,959 consecutive individuals between July and December 
2024 at SIPD aged 45–75 years. The original purpose of those CT scans 
was for a physical examination. This validation was designed to derive 
specificity thresholds under real-world healthcare conditions and 
estimate the specificity of esophageal malignancy in the LDCT-based 
program. The standard of truth for negative controls was established 
by first identifying cases with radiology reports showing no esophageal 
abnormalities, then including only those with follow-up records and 
no clinical diagnosis of EC.

Validation cohorts for population-based endoscopic screening
External test cohort for endoscopic screening scenario. This cohort 
included 552 patients with esophageal malignancy and 150 negative 
controls, recruited from SNCH (center K) and LCH (center L). All patients 
underwent both NC CT scans and endoscopic examinations. Positive 
cases were confirmed through surgical or biopsy histopathology; 
negative controls were confirmed through endoscopic results within 
1 year. The cohort was designed to evaluate EAGLE’s cross-institutional 
generalizability in high-risk populations and ability to differentiate 
esophageal malignancy from benign esophageal conditions.

Prospective enrolled cohort from endoscopic screening program. 
This cohort was completed and registered at http://www.chictr.org.
cn (Chictr.org.cn identifier: ChiCTR2300074806), and prospec-
tively enrolled 530 patients between 7 and 26 July 2023 at SNCH. All 
patients were initially referred for endoscopic examination and pro-
vided written informed consent to undergo an additional NC CT scan 
(Supplementary Fig. 7). The cohort was specifically established to 
evaluate EAGLE’s potential clinical utility in real-world endoscopic 
screening workflows for high-risk individuals, focusing on its role as a 
risk-stratification tool for endoscopy.

Model: EAGLE
EAGLE is a two-stage framework (Extended Data Fig. 2a). The first stage 
focuses on esophageal localization by using a segmentation UNet. 
The second stage combines classification and segmentation using a 
joint UNet-based model, which takes the cropped region of interest 
as input to simultaneously predict esophageal and malignant lesion 
segmentation masks, diagnostic outcomes (positive or negative) and 
class activation mapping heatmaps46 that highlight regions driving 
diagnostic decisions.

Esophageal localization. Stage 1 focuses on identifying the esopha-
geal region. Given that esophageal lesions typically occupy a small 
volume in CT scans, isolating the esophagus expedites lesion detec-
tion and eliminates nontarget anatomical structures to enhance 
region-specific analysis. Here an nnU-Net V2 framework47 was trained 
to segment the entire esophagus, including both healthy tissue and 
pathological anomalies—from NC CT inputs. Supervised learning uses 
voxel-level annotations of both esophageal boundaries and lesions. A 
3D low-resolution architecture was adopted for computational effi-
ciency, leveraging a downsampled UNet variant and a ResEnc backbone 
within the nnU-Net V2 framework48.

Malignant lesion detection. Stage 2 aims to identify the malignant 
lesion. Given a 3D region-of-interest CT, we feed it into a 3D UNet-like 
backbone and obtain multiscale feature maps from the image decoder. 
Then, we standardize the spatial dimensions of all feature maps from 
the decoders to a uniform spatial size using trilinear interpolation. 
Subsequently, we concatenate these maps by aligning them along 
their depth dimension, forming an aggregated feature representation 
that serves as the input for the subsequent cancer screening task. The 
segmentation head takes the last feature map as input and outputs 
the malignant lesion segmentation result. The cancer screening head 
takes the aggregated feature map as input and outputs the probability 
of the patient having cancer. It consists of one 3D convolution layer 
with kernel size 3 × 3 × 3, one global average pooling layer and one fully 
connected layer, as illustrated in Extended Data Fig. 2b. The overall 
loss of stage 2 is:

ℒEAGLE = ℒseg + αℒcls (1)

where ℒseg is the loss for the 3D UNet segmentation network; ℒcls is 
cross-entropy loss for the cancer screening task and α is its weight.

Interpretability. Our model’s interpretability is achieved through dual 
mechanisms (Extended Data Fig. 2c). First, stage 2 of EAGLE generates 
precise segmentation masks delineating detected malignant lesions. 
Second, we implemented class activation mapping46 to visualize diag-
nostic heatmaps derived from the classification head’s convolutional 
feature maps. These heatmaps highlight anatomical regions that influ-
enced the model’s diagnostic decisions, providing spatial justification 
for classification outcomes.

Operation point and threshold selection. Because the model outputs 
continuous risk scores, the operating point can be adjusted by vary-
ing the decision threshold. For both EAGLE and EAGLE-Plus, thresh-
olds were determined during fivefold cross-validation and were fixed 
after training. In each fold, the threshold was first selected on the 
corresponding validation split according to the predefined operating 
criterion, and the final threshold was fixed as the mean value across 
the five folds after training. In the opportunistic screening setting, the 
threshold for each fold was selected to achieve a specificity of 99% on 
its respective validation split. The final fixed thresholds were 0.93 for 
EAGLE and 0.88 for EAGLE-Plus. Conversely, in the population-based 
screening setting, EAGLE was evaluated as a risk-stratification tool 
for endoscopy EC screening procedures like narrow band imaging 
endoscopy or Lugol’s chromoendoscopy49,50, and thresholds were 
calibrated to achieve a sensitivity of 98% for each fold to prioritize 
sensitivity and minimize the risk of missed cancers. Notably, EAGLE’s 
operating point can be flexibly adjusted according to application 
requirements; specifically, a lower threshold increases sensitivity while 
decreasing specificity.

Performance comparison. As illustrated in Extended Data Table 3, we 
first compared five state-of-the-art backbone architectures integrated 
into EAGLE’s implementation leveraging the nnU-Net framework47, 
including convolutional neural network-based backbone ResNet 
encoder (ResEnc48), two Transformer-based backbones Swin-UNETR51 
and Mask2Former52, and two Mamba-based architectures53. In the inter-
nal validation cohort, ResEnc demonstrated superior performance. In 
the eight-center external validation cohort, although ResEnc’s AUC 
was marginally lower (0.976 versus 0.979), it achieved the highest sen-
sitivity (89.5%) and specificity (98.5%), outperforming other models. 
Given its simplicity (pure convolutional neural network design) and 
robust generalization across multicenter data, ResEnc48 was selected 
as the default backbone for EAGLE. We further compare EAGLE (Res-
Enc) with another widely adopted framework, nnDetection54, which 
demonstrates markedly inferior performance with an AUC of 0.954 
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in the eight-center external validation cohort. Detailed descriptions 
of the compared methods are provided in Supplementary Methods— 
Comparison to other methods.

LDCT simulation strategy. To enhance the model’s performance on 
LDCT scans, we developed EAGLE with LDCT simulation. A low-dose 
simulation tool31 was used to generate synthetic LDCT data from the NC 
CT scans in the training set, which were then used for model training. 
Validation on real-world LDCT scans demonstrates that this strategy 
consistently improves sensitivity while maintaining the same level 
of specificity.

Reader study
This study establishes a multicenter (n = 4) reader study cohort 
to conduct blinded comparisons between EAGLE predictions and 
interpretations by experienced radiologists, thereby validating the 
potential clinical integration of AI-driven workflows. This reader study 
comprised 300 patients collected from four centers, including two 
internal centers (SYSUCC and SCCH) and two external centers (HCH 
and XMUACH), including 200 patients diagnosed with esophageal 
malignancy and 100 negative controls. NC CT scans from additional 
external centers were not included in this analysis because stage infor-
mation or imaging data were unavailable from those institutions until 
the initiation of the first-round reader study.

A total of 17 readers from three institutions participated in this 
study, comprising 3 subspecialized esophageal radiologists, 6 general 
radiologists and 8 radiology residents. The cohort demonstrated a 
mean clinical experience of 7.6 years (range = 3–20) in radiology prac-
tice, with radiologists having interpreted an average of 1,141 esophageal 
CT scans (range = 100–1,000) before the year preceding the study 
(Supplementary Table 1).

This reader study comprised two sequential sessions designed 
to evaluate AI-assisted diagnostic performance. The initial phase 
established baseline interpretation accuracy without AI support, 
followed by an AI-assisted evaluation phase after at least a 3-month 
washout period to mitigate learning effects. During both sessions, 
readers independently interpreted cases presented in randomized 
order through our customized online platform (Supplementary Fig. 2), 
blinded to clinical data and required to classify each case as esophageal 
malignant or not.

Opportunistic screening: real-world retrospective and 
prospective validations
Clinical applications of opportunistic screening impose rigorous 
requirements on the model’s FP rate. To address this, we calibrated 
the model using large-scale real-world retrospective cohorts and sub-
sequently assessed its performance changes in independent real-world 
cohorts, yielding the optimized EAGLE-Plus framework. The overall 
real-world model calibration and validation collected 35,402 NC CT 
scans from SYSUCC, SCCH and SIPD. Data were collected from four 
scenarios, that is, physical examination, emergency, outpatient and 
inpatient. Each center contributed two distinct continuous data series.

Iterative training of EAGLE-Plus. Initially, the EAGLE model was evalu-
ated using the first data series of each center (RW1, n = 20,758). Subse-
quently, the model was calibrated using hard cases from RW1 and four 
internal and external test cohorts to fine-tune the EAGLE model. Finally, 
these additional training samples were annotated by the same expert 
radiologist to ensure consistency, and were merged with the original 
training data for further fine-tuning of EAGLE, with an additional 200 
epochs using the same training pipeline. The upgraded EAGLE-Plus 
model was evaluated on the second real-world continuous data series 
from each center (RW2, n = 14,644). Performance on RW2 reflects its 
effectiveness in uncontrolled, real-world opportunistic screening set-
tings, particularly its stable sensitivity and low FP rate.

Hard cases were selected as follows. First, all FP cases identified 
by the MDT were categorized as hard negatives. Second, hard positives 
were defined by the following two components: (1) all false-negative 
cases; and (2) borderline positives (that is, true-positive cases with 
scores just above the threshold). The latter were included to compen-
sate for the lower frequency of false negatives and to maintain an overall 
ratio of hard negatives to hard positives at approximately 1:1. Detailed 
results are provided in Supplementary Methods—Details of real-world 
model calibration and validation.

Prospective validation in hospital. We conducted a prospective 
validation to evaluate the real-world clinical implementation of the 
EAGLE-Plus model in clinical settings. The study enrolled patients from 
1 January 2025 to 30 April 2025, with a final data analysis conducted 
after a follow-up period ending on 31 July 2026. EAGLE-Plus was seam-
lessly integrated into the DAMO MED system, where it prospectively 
analyzed routine NC CT scans and flagged high-risk individuals for 
further review.

The primary endpoint was PPV among AI-positive cases. Second-
ary endpoints were sensitivity for HGIN and EC and the AI-triggered 
referral rate. PPV was defined as the proportion of confirmed true- 
positive cases among all AI-positive predictions. Sensitivity was 
defined as the proportion of confirmed HGIN and EC cases identi-
fied during the study and follow-up period that had been classified as 
AI-positive. The AI-triggered referral rate was defined as the proportion 
of screened individuals referred for further clinical evaluation on the 
basis of AI findings after MDT review. Study oversight was provided by 
the principal investigator and the MDT, which included radiologists, 
endoscopists and thoracic surgeons. The SOC pathway consisted 
of routine double reading by radiologists blinded to AI outputs and 
follow-up outcomes. AI-positive cases were independently reviewed 
by the MDT, which intervened only when suspicious findings had not 
been captured by the initial SOC pathway. No feedback from the AI 
system or MDT review was provided to SOC radiologists during image 
interpretation. When further clinical action was considered necessary, 
the MDT communicated directly with the treating clinicians or patients.

Esophageal malignancy was confirmed by histopathological exam-
ination of endoscopic biopsy or surgical specimens. For cases without 
pathological confirmation, outcomes were ascertained by endoscopy, 
electronic medical record review or telephone follow-up. Among indi-
viduals with negative findings by both AI and SOC, the MDT randomly 
reviewed approximately 1% of cases using available electronic medical 
records through 31 July 2026. Detailed methodology, results, workflow 
and follow-up procedures are provided in Extended Data Table 4 and 
Supplementary Methods—Details of prospective validation in hospital.

Real-world validation in LDCT program. This study aims to evaluate 
the performance of EAGLE-Plus in the large-scale LDCT real-world 
cohort. Individuals aged 45–75 who underwent LDCT for routine health 
examination program at SIPD between 1 July 2024 and 31 December 
2024 were eligible. A total of 10,959 participants were included. Diag-
nostic labels were confirmed for all cases flagged by either SOC or 
EAGLE-Plus-positive, based on initial radiology reports, clinical records 
and telephone follow-up through 31 July 2026. For participants with 
concordant negative findings by both SOC and AI, an additional team 
randomly selected approximately 1% for review to confirm the absence 
of malignancy, provided their clinical records were available through 
31 July 2026. Further details are provided in Supplementary Methods—
Details of real-world retrospective LDCT validation.

Population-based endoscopic screening: EAGLE for 
pre-endoscopy risk stratification
Suining is a high-incidence area for EC. As part of the National Screen-
ing Program for upper gastrointestinal cancers, SNCH provides free 
endoscopic screening to residents aged 40–69 with high-risk factors. 
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Only individuals who provided informed consent forms for NC CT 
were included in this study (Supplementary Fig. 7). Between 7 July 
2023 and 26 July 2023, 530 participants were prospectively enrolled. 
Each participant first underwent NC CT, followed by standard upper 
gastrointestinal endoscopy with iodine staining (1.2% Lugol’s solution). 
All focal lesions detected during endoscopy were biopsied, and two 
board-certified pathologists independently evaluated the specimens 
using established diagnostic criteria55.

In the prospectively enrolled cohort, six cases of HGIN were 
enrolled, but no invasive cancers were found. Because the low 
number of malignant events limited direct evaluation of EAGLE as 
a risk-stratification tool, we performed an exploratory simulation 
study using a bootstrapping approach. In each iteration, and based 
on the reported 2:1 incidence ratio between HGIN and EC reported in 
high-risk populations undergoing endoscopic screening2, three can-
cer cases were randomly sampled with replacement from the 420 EC 
cases of the SNCH retrospective test cohort. These sampled EC cases 
were combined with the prospectively enrolled cohort to construct 
a hybrid dataset for analysis. For each simulated hybrid cohort, we 
estimated the detection rate achievable when using EAGLE to triage 
only high-risk patients for endoscopic examination. This process was 
repeated 1,000 times to reflect the expected disease prevalence and 
variability in real-world screening settings. Detailed methodology and 
results were provided in Supplementary Methods—Details of validation 
on prospectively enrolled endoscopic screening cohort.

Statistical analysis
All statistical analyses were performed in Python (v3.9.19) using 
scikit-learn (v1.4.2), NumPy (v1.26.4) and SciPy (v1.13.0). Binary clas-
sification performance was evaluated using the AUC, sensitivity and 
specificity. PPV was used to assess the precision of the model’s positive 
predictions in clinical practice. Balanced accuracy was additionally 
used in the reader study to account for class imbalance. Unless oth-
erwise stated, each metric is reported as a point estimate with a 95% 
CI. Bootstrap resampling with 1,000 iterations was used to estimate 
95% CIs. In each iteration, patients were resampled with replacement 
from the cohort under analysis and the metric was recalculated; the 
95% CI was defined by the 2.5th and 97.5th percentiles of the boot-
strap distribution. AUCs of two models evaluated on the same patients 
were compared using the DeLong test for correlated receiver operat-
ing characteristic curves. Permutation tests were used for statistical 
comparisons of sensitivity, specificity, stage-specific sensitivity and 
balanced accuracy, with at least 1,000 random permutations. The 
McNemar test was used to compare paired binary outcomes, spe-
cifically the esophageal malignancy detection rate between the EAGLE 
risk-stratified pathway and direct endoscopy in the population-based 
screening cohort. Comparisons between models or between readers 
were performed on the same set of patients and were therefore treated 
as paired, repeated measurements, whereas all other analyses were 
based on measurements from distinct, independent patients. The 
bootstrap and permutation procedures are nonparametric and do 
not assume normality of the underlying data distributions. All tests 
were two sided, no adjustment was made for multiple comparisons 
and a P value of <0.05 was considered statistically significant. Exact 
P values are reported in the Figs. 1c, 2f,g, 3c,d, 4a and 5e, and P values 
below 0.001 are reported as P < 0.001. A fixed random seed of 65,535 
was used throughout.

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

Data availability
The datasets generated and/or analyzed in this study are not pub-
licly available because public release is not allowed by the relevant 

institutional review boards. To facilitate accessibility, we provide a 
sample dataset and an interactive portal at https://eagle.damomed.
com/. All shared data will be de-identified to protect participant pri-
vacy in accordance with applicable laws and regulations. Researchers 
seeking access to the data and supporting documentation may submit 
a request to the first author ( J. Zhou) or corresponding author (Q. 
Wang). Requests will be evaluated by an independent review panel 
based on scientific merit and compliance with ethical and regulatory 
requirements. Such requests will normally be processed within 6 weeks.

Code availability
The code for the EAGLE model is protected by patents (CN 
CN117853490B, US 18046385) and cannot be publicly released. Imple-
mentation details are fully documented in the Methods, enabling 
replication. The core code is implemented using open-source reposi-
tories—PyTorch (https://pytorch.org, v2.5.1) and nnU-Net (https://
github.com/MIC-DKFZ/nnUNet, v2).
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Extended Data Fig. 1 | Voxel-level lesion annotation protocol. a, Lesion 
annotation workflow: two radiologists independently annotated lesions 
on paired contrast-enhanced CT (CECT). High interannotator agreement 
(DSC > 0.6) resulted in an accepted mask intersection; discordant cases were 
reviewed by a senior radiologist or excluded if undeterminable. Final CECT 
annotations were registered to noncontrast CT for use in EAGLE model training 

and validation. b, Example of annotating a high-grade intraepithelial neoplasia 
(HGIN) case: both radiologists independently delineated highly consistent lesion 
masks (DSC = 0.843) on CECT guided by lesion location in the surgical pathology 
report. The intersection mask was adopted as ground truth and accurately 
registered onto the paired noncontrast CT scan.
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Extended Data Fig. 2 | EAGLE’s network architecture: stages, details, and 
interpretability analysis. a, EAGLE consists of two stages: the esophageal 
localization stage that uses a segmentation UNet, and the prediction stage using 
a joint classification and segmentation UNet, which takes the cropped ROI region 
as input and predicts malignant diagnosis, and segmentation of esophageal 
and malignant lesion. b, Detailed architecture of stage 2. We extract multiscale 
features from the segmentation UNet, align their spatial sizes via downsampling, 

and concatenate all features. The classification head consists of a global 
pooling layer and a fully connected layer. c, Interpretability demonstration: 
a representative cancer case illustrates model explainability across axial and 
sagittal planes. Each plane visualizes a noncontrast CT image, malignant lesion 
annotation (ground truth), EAGLE segmentation mask, and class activation 
mapping (CAM) from stage-2 classification head, highlighting regions that 
contribute to the diagnostic decision-making process.
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Extended Data Fig. 3 | Influence of the proportion of training data. We report the sensitivity, specificity, and AUC of EAGLE. a, Results on internal test cohorts at 99% 
specificity. b, Results on external test cohorts at 99% specificity. c, Results on external high-risk screening test cohorts at 98% sensitivity.
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Extended Data Fig. 4 | Workflow of the prospective validation for 
opportunistic screening. Summarizing participant selection, AI deployment, 
multidisciplinary review, and follow-up procedures in the prospective hospital 
validation of EAGLE-Plus. Noncontrast CT examinations performed between 
1 January and 30 April 2025 were screened for eligibility, and 17,446 eligible 
scans from unique participants were included after exclusions. High-risk 

cases identified by either EAGLE-Plus or the standard-of-care (SOC) pathway 
were reviewed by the multidisciplinary team (MDT). For AI-positive cases not 
identified through the initial SOC pathway, the MDT determined whether 
endoscopic evaluation or follow-up was warranted. Outcome ascertainment 
was based on pathology when available, and otherwise on endoscopy, telephone 
follow-up, or electronic medical record review.

http://www.nature.com/naturemedicine


Nature Medicine

Article https://doi.org/10.1038/s41591-026-04656-4

Extended Data Fig. 5 | Endoscopic findings of EAGLE predictions in endoscopy screening cohort. a, Endoscopic findings of 402 EAGLE low-risk participants; 2 of 402 
were HGIN. b, Endoscopic findings of 131 EAGLE high-risk participants; 7 of 131 were esophageal malignancies.
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Extended Data Fig. 6 | Time and cost analysis of EAGLE risk-stratified 
population endoscopic screening. The left branch illustrates the EAGLE risk-
stratified screening strategy: all participants first undergo noncontrast CT, 
followed by EAGLE risk assessment, with only high-risk individuals proceeding 
to endoscopic screening. The right branch represents the conventional strategy, 
where all participants receive endoscopic examination. This analysis was 
performed in the context of government-led screening programs, in which 
screening-eligible individuals are typically identified in advance through 
questionnaire-based risk assessment. Under this setting, we assumed a baseline 

scenario in which the entire target cohort would otherwise undergo endoscopic 
examination as part of the established screening pathway. Total screening costs 
were estimated from a societal perspective. The sources of noncontrast CT and 
endoscopic examination costs are provided in Supplementary Table 4. Time 
required for noncontrast CT and endoscopy examinations is derived from clinical 
experience at Suining. Endoscopy cost includes anesthesia but excludes biopsy. 
The analysis suggests a substantial reduction in total screening time and cost 
when applying the EAGLE risk-stratified approach. These model-based estimates 
are context-specific and may be influenced by local screening practices.
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Extended Data Table 1 | Patient characteristics of the training, internal validation and external validation cohort

TNM stage (AJCC eighth edition), lesion location and histology are displayed only for the patients with esophageal malignancy, whereas age, sex and the CT acquisition parameters refer to all 
patients of the corresponding column. Age is reported as median (IQR), and slice thickness, in-plane spacing, z axis extent, peak kilovoltage, exposure, CTDIvol and tube current are reported 
as mean together with Q1, Q3 and IPR. n, number of patients; int., internal; ext., external; opp., opportunistic screening scenario; high-risk, high-risk endoscopic screening scenario; LDCT, 
low-dose CT; IQR, interquartile range; Q1, first quartile; Q3, third quartile; IPR, interpercentile range, computed as Q3 minus Q1; SYUCC, Sun Yat-sen University Cancer Center; SCCH, Sichuan 
Cancer Hospital; SIPD, Shanghai Institution of Pancreatic Diseases; FAHZU, First Affiliated Hospital of Zhejiang University; HCH, Hunan Cancer Hospital; STCH, Shantou Central Hospital; 
XMUACH, Xinjiang Medical University Affiliated Cancer Hospital; FCH, Fujian Cancer Hospital; GUHP, General University Hospital in Prague, Czech Republic; GenesisCare, GenesisCare, 
Australia; SNCH, Suining Central Hospital; LCH, Lishui Central Hospital.
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Extended Data Table 2 | The performance of EAGLE in internal and external test cohorts under different scenarios

n/a.
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Extended Data Table 3 | Comparison of backbone architectures and frameworks

We compare five state-of-the-art backbone architectures integrated into EAGLE’s implementation leveraging nnU-Net, and also evaluate performance against the nnDetection framework. 
Detailed descriptions of the compared methods are provided in Supplementary Methods—Comparison to other methods.
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Extended Data Table 4 | 90 EAGLE-Plus positive cases in the hospital prospective validation

Among 90 cases, initial SOC recalled 48 cases due to esophageal findings and 37 were confirmed as esophageal malignancies. 16 cases were additionally recalled by MDT, and one cancer 
case was missed by initial SOC. Twenty-six cases were not recalled by both SOC and MDT. SOC, standard-of-care. MDT, multidisciplinary team. Y, yes; N, no. 10 cases who did not undergo 
complete endoscopy were categorized as no esophageal symptoms, as they remained asymptomatic according to telephone follow-ups conducted. ‘Lost to follow-up’ was defined based on 
the last recorded outcome as of 31 July, 2026.
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