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The accurate and timely diagnosis of acute aortic syndrome (AAS) in
patients presenting with acute chest pain remains a clinical challenge.
Aortic computed tomography (CT) angiography is the imaging protocol

of choice in patients with suspected AAS. However, due to economic and
workflow constraints in China, the majority of suspected patientsinitially
undergo noncontrast CT as the initial imaging testing, and CT angiography
isreserved for those at higher risk. Although noncontrast CT can reveal
specific signs indicative of AAS, its diagnostic efficacy when used alone has
not been well characterized. Here we present an artificial intelligence-based
warning system, iAorta, using noncontrast CT for AAS identification

in China, which demonstrates remarkably high accuracy and provides
clinicians with interpretable warnings. iAorta was evaluated through a
comprehensive step-wise study. In the multicenter retrospective study
(n=20,750), iAortaachieved amean area under the receiver operating curve
0f 0.958 (95% confidence interval 0.950-0.967). In the large-scale real-world
study (n=137,525),iAorta demonstrated consistently high performance
across various noncontrast CT protocols, achieving a sensitivity of
0.913-0.942 and a specificity of 0.991-0.993. In the prospective
comparative study (n =13,846), iAorta demonstrated the capability to
significantly shorten the time to correct diagnostic pathway for patients
with initial false suspicion from an average of 219.7 (115-325) min to

61.6 (43-89) min. Furthermore, for the prospective pilot deployment that
we conducted, iAorta correctly identified 21 out of 22 patients with AAS
among 15,584 consecutive patients presenting with acute chest pain and
under noncontrast CT protocol in the emergency department. For these

21 AAS-positive patients, the average time to diagnosis was 102.1(75-133)
min. Finally, iAorta may help prevent delayed or missed diagnoses of AAS
insettings where noncontrast CT remains the only feasible initial imaging
modality—such asin resource-limited regions or in patients who cannot
receive, or did not receive, intravenous contrast.
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Despite recentadvancements in diagnostic and therapeutic strategies,
acute aortic syndrome (AAS) remains a catastrophic cardiovascular
emergency associated with high mortality rates”. Approximately
40-50% of patients with AAS die within 48 h of its onset, and mortal-
ity increases by 1-2% per hour without appropriate management™*.
Delays in diagnosis and treatment substantially worsen prognosis,
underscoring the need for rapid and accurate identification of AAS™”.
Clinical symptoms of AAS are often nonspecific and variable, ranging
fromacute aortic chest pain that can mimic other acute conditions to
atypical or mild presentations®™®. In addition, physical examinations
androutine laboratory tests lack sensitivity and specificity for confirm-
ing or ruling out AAS, complicating timely diagnosis’ .

Aortic computed tomography (CT) angiography (CTA) is the
imaging protocol of choice in patients with suspected AAS, yielding
high sensitivity and specificity"?. However, CTA is costly and carries
risks of contrast-induced complications, such as anaphylaxis and
nephrotoxicity" . Furthermore, the true incidence of AAS among
patients undergoing CTA for suspected AAS has been found to be only
2.7% (refs.14,15). In China, the cost of CTA is approximately five times
higher than that of noncontrast CT, and healthcare resources remain
notably limited compared with developed countries'®". Considering
both cost and resource constraints, Chinese clinical guidelines and
current practice recognize that noncontrast chest and abdominal CT
imaging can provide arapid and straightforward initial assessment for
considered asless critical conditions, while CTAis reserved for patient
cases with highly suspicious findings or a high clinical risk of AAS™.
Similarly, in low-and middle-income countries, limited access toiodi-
nated contrast media and financial constraints further restrict the use
of CTA"?, In this context, patients in China or low- and middle-income
countries may frequently undergo noncontrast CT for AAS evalua-
tion and triage, despite its limited sensitivity, which creates notable
diagnostic challenges even for experienced radiologists and clinicians.

The potential of using noncontrast CT for screening AAS has been
explored previously?*, and itis often performed as a standard practice
alongwith contrast CT for the purpose of better visualized for intramu-
ral hematoma (IMH)***, The diagnostic performance of noncontrast
CT alone, however, has not been well characterized in prior studies.
Recentadvancesinartificialintelligence (Al), particularly deep learning
(DL) algorithms, have demonstrated superior capabilities in extracting
and identifying latent and clinically relevant features from medical
images. In the settings of cost-prohibitive or limited availability con-
trast CT, an Al tool with high sensitivity and negative predictive value
(NPV) can help to improve the diagnostic confidence for extracting
patients with AAS from noncontrast CT examinations and direct the
use of CTA to these patients with higher likelihood of AAS based on
Al evaluation via noncontrast CT. Furthermore, it can help prevent
delayed or missed diagnosis of AAS in settings where noncontrast CT
remains the only feasible initialimaging modality.

In this study, we developed and validated an Al-based system,
iAorta, toidentify AAS rapidly and accurately on noncontrast CT scans
inreal-world emergency settings in China. Designed to automatically
analyze noncontrast CT scans from patients presenting with acute
chest pain,iAorta provides early warnings of AAS to radiologists, when
necessary, asillustrated in Fig. 1a. To train the DL model, we collected
aortic CTA scans with paired arterial and noncontrast CT phase series.
Instagel, the diagnostic performance and generalizability of the model
were evaluated across eight hospitalsin China. Instagell, we assessed
Al-assisted performance improvements in diagnostic accuracy by
providing radiologists with interpretable model predictions. In stage
I1I, we evaluated the model’s robustness across various noncontrast
CT protocols. In stage IV, we developed the iAorta system to achieve
practical clinical applications in two prospective trials. A prospective
multicenter study, including acomparative analysis and a pilot deploy-
ment, was conducted to assess the feasibility of integratingiAortainto
real-world emergency department (ED) workflows.

The study findings highlight the notable potential of our iAorta
system as a vital decision-support tool in emergency care settings
where contrast CT s either cost-prohibitive or unavailable to provide
directly. On delivering accurate, rapid and interpretable visual warn-
ings, iAorta can facilitate and enable timely and informed clinical
decisions. In sites with multiphase CT protocols for AAS evaluation,
iAorta’s high specificity and high NPV on noncontrast CT scans may
help to avoid unnecessary contrast injections in low-risk patients, par-
ticularly youngerindividuals. This not only reduces the risks associated
with contrast agents, such as nephrotoxicity and allergic reactions,
but also decreases cumulative radiation exposures from additional
postcontrastimaging, thereby enhancing patient safety.

Results

Overview of the study

We conducted this stepwise study in four stages with nine hospitals
across China to develop and validate the iAorta system for the effec-
tive detection of AAS, thatis, Stanford type A aortic dissection (TAAD),
Stanford type B aortic dissection (TBAD), IMH and penetrating ath-
erosclerotic ulcer (PAU), in real-world emergency settings. In stage
I, we evaluated the model in an internal validation cohort (n=2,287)
and seven external validation cohorts (n =18,463). InstageIl, we com-
pared the model performance with radiologists of varying expertise
levels and radiologists assisted by Alon noncontrast CT. Instage Ill, we
retrospectively tested the model in real-world emergency scenarios
of three representative medical centers, involving a total of 145,201
various noncontrast CT scans from 137,525 consecutive patients pre-
sented with acute chest pain symptomes. In stage IV, we developed a
real-time ‘hyperlink message’ warning system, iAorta, and integrated
itinto the existing clinical workflow. To assess itsimpact onimproving
the identification of AAS on noncontrast CT and reducing the time to
the correct diagnostic pathway, we further conducted a prospective,
multicenter study. This study included a comparative study of 14,436
noncontrast CT scans from 13,846 consecutive patients and, more
importantly, a pilot deployment study on 16,054 noncontrast CT scans
from15,584 consecutive patients (running from20 December 2024 to
28 February 2025). The baseline demographicinformation andimage
characteristics of all cohorts are summarized in Extended Data Table 1.
Patient and data sources of model development, multicenter model
validation, reader study, retrospective large-scale real-world study
and prospective multicenter study are shown in Extended Data Fig. 1.

Development of the iAorta system

Model development. To obtain accurate diagnosis labels and lesion
regions, we collected 3,350 aortic CTA scans, including arterial and
noncontrast phase series, to train the model. The arterial phase series
were used as the gold standard for diagnosing AAS and suggesting lesion
areas, while the noncontrast phase series were used for model training
under the supervision of the diagnostic labels and the segmentation
labels that are transferred by image registration technique from lesion
annotations on paired arterial phase series. Our model can detect the
presence or absence of AAS at the patient level, segmenting the aorta
and true lumen precisely, and localizing and identifying potential lesion
regionsreliably to enhanceslice-level interpretability. The final outputs
generated by our model are fed back into theiAortasystemto send timely
alertstoradiologists, facilitating the rapid referral of high-risk patients
for furtheraortic CTA examination and confirmation, ensuring prompt
diagnosis and effectiveintervention. More details about the annotations
and model architecture are provided in the Methods and are shown in
Extended DataFig. 2. Quantitative analysis is provided in Supplementary
Section 2.6 (Supplementary Fig.2 and Supplementary Table1).

Modelvisualization and explanation. We generated activation maps by
mapping the normalized activation scores to their corresponding spa-
tiallocationineach CTslice,asshownin Fig.1band Extended DataFig. 3.
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Fig.1| Overall study design and model pipeline. a, Clinical starting point for
the study. The diagnosis of AAS poses a notable challenge within the ED owing to
its nonspecific clinical symptoms. In China, more than half of the patients with
acute chest pain areinitially suspected of less critical illnesses and thus received
noncontrast CT scans as the initialimaging test. Our goal is to develop an Al
model that can rapidly and accurately identify patients with suspected AAS from
this population of individuals undergoing noncontrast CT scans, while providing
interpretable results to assist radiologists and physicians in making informed
clinical decisions. b, A schematic overview of the model. It was trained with
patient-level diagnostic labels and segmentation masks annotated on arterial

phase series. The model takes noncontrast phase series as input and outputs

the probability of AAS, segmentation masks of the aortic wall and true lumen,
and an activation map highlighting potential lesion areas. ¢, Retrospective and
prospective evaluation of model and iAorta. Retrospective evaluation for model
consists of multicenter model validation (stage I, n=20,750), reader study (stage I,
n=2,287) and large-scale real-world study (stage Ill, n =137,525). Prospective
evaluation (stage IV) for iAorta consists of comparative study (n =13,846) and
pilot deployment study (n =15,584). iAorta incorporates a phase selection
module, our model and a pop-up warning module.
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Technical details on the generation of activation maps are provided in
the Methods. In our task, the regions with high activation scores typi-
cally corresponded torelevant abnormal areas, whereas low activation
scores indicated healthy aortic areas. There is a visible difference in
the appearance of activation maps between different subtypes. The
high activation regions of AD and IMH are more refined and larger,
whereas those of PAU are coarser and smaller. This observation is
consistent with their representations of subtypes. The regions with
high activationscoresin eachslice provide valuable visualinformation
for Al-assisted detection of AASin the ED. Further quantitative analysis
revealed that the diagnostically relevant regions generated by the
model improved the sensitivity of radiologists’ assessments on AAS
when using our iAorta system. We have developed a browser-server
collaborative early warning system designed for rapid and accurate
detection of AAS in real-world clinical medical settings. Integrated
with a noncontrast CT phase selection tool, our developed model
and a warning pop-up plugin, the system can process and analyze
large amounts of patient data in real time, enabling radiologists to
get timely alerts and make informed diagnosis and intervention. The
browser-based interface ensures that the system is accessible from
any device with an internet connection, enhancing its usability and
flexibility. This systemis designed to be highly secure, with strict data
privacy and security protocols in place to protect sensitive patient
information. The iAorta system both enhances the efficiency and
accuracy of AAS detection and provides a scalable and secure solu-
tion for clinical use. Further details about the collaborative system
are provided in the Methods.

Stage I-multicenter model validation

To assess the generalizability and robustness of our model to various
patient populations, we collected 20,750 aortic CTA scans, including
arterial and noncontrast phase series similar to those used in model
training, from eight hospitals across China. The diagnosis labels were
confirmed using the corresponding paired arterial phase series. In this
internal validation cohort, the overall model performancein detecting
AAS onnoncontrast CT achieved an areaunder the receiver operating
characteristic (ROC) curve (AUC) of 0.980 (95% confidence interval
(CI) 0.973-0.987) (Fig. 2a), a sensitivity of 0.984 (95% C10.972-0.990)
and a specificity of 0.947 (95% C1 0.935-0.957). In the external valida-
tion cohorts, the performance of AAS detection obtained an AUC of
0.941-0.972, a sensitivity of 0.954-0.975 and a specificity of 0.929-
0.946 (Fig. 2b,c). Furthermore, we conducted a subgroup analysis
performance for different subtypes of AAS. We divided AAS into four
subtypes, TAAD, TBAD, IMH and PAU, based on the severity of the
condition. Details about the diagnostic criteria are provided in the
Methods. The model achieved a sensitivity of 0.971-0.995 for TAAD,
0.980-0.996 for TBAD, 0.953-0.980 for IMH and 0.912-0.955 for PAU
(Fig.2d), respectively. Detailed evaluation metrics, including accuracy,
positive predictive value (PPV), NPV and F1score, are presented in
Extended Data Table 2.

Stage IlI-reader study

To further assess the model performance and explore the value of
clinically interpretable results in assisting for the detection of AAS,
we conducted a two-stage reader study using the internal validation
cohort. Werecruited 11 radiologists with varying degrees of expertise
(specialty experts in cardiovascular, board-certified general radiolo-
gistsand medical trainees) to participate in the study. In the first stage
of this study, radiologists were asked to independently diagnose each
case as either AAS or non-AAS within a specified time limit, without any
knowledge of the results produced by the Al model. After a 2-month
washout period and randomization of the data, the same group of
radiologists were given the interpretable results (in the form of distance
maps) and diagnostic probabilities output from our AAS model to
assistintheir reassessment of patients’ diagnoses again, without prior

knowledge of the model’s diagnostic accuracy. The detailed results are
showninFig.3 and Extended Data Table 3.

Overall, the performance of all 11 radiologists—whether diagnosing
independently or with Al assistance—was lower than the performance
indicated by the model’s ROC curves alone. Asillustrated in Fig. 3a, in
independent diagnoses, the sensitivity levels varied greatlyamong the
11 radiologists, with 0.807 (95% C10.795-0.819) for specialty experts,
0.778 (95% C10.764-0.796) for board-certified radiologists and 0.603
(95% C10.588-0.619) for medical trainees, which were significantly
lower than those of the model (0.984, 95% C10.972-0.990, P < 0.001).
When radiologists were assisted by the model, the sensitivities of
specialty experts, board-certified radiologists and medical trainees all
increased significantly, reaching 0.943 (95% C10.930-0.958, P< 0.001),
0.899 (95% C10.887-0.913, P < 0.001) and 0.919 (95% C10.906-0.933,
P<0.001), respectively. The improvement was especially notable
among medical trainees, whose performance approached or even
surpassed that of specialty experts when aided by Al This highlights
the model’s ability to effectively bridge the diagnostic performance
gap across varying levels of expertise.

For detecting AAS from its specific subtypes (Fig. 3b), the mean
sensitivities of radiologists were 0.700 (95% C10.677-0.732) in TAAD,
0.741(95% C10.701-0.796) in TBAD and 0.647 (95% C1 0.599-0.693) in
IMH, which were significantly greater than the score of 0.382 (95% CI
0.304-0.477) in PAU. With Al assistance, the mean sensitivity of radi-
ologists improved significantly, reaching 0.893 (95% C1 0.865-0.927,
P<0.001)inTAAD, 0.941(95% C10.896-0.982, P< 0.001) in TBAD, 0.859
(95%C10.814-0.900, P < 0.001) inIMH and 0.738 (95% C10.664-0.789,
P <0.001) in PAU. These results demonstrate that Al assistance mark-
edly enhanced radiologist performance in more clinically urgent sub-
types (for example, TAAD and TBAD) and diagnostically elusive cases
such as PAU, for which sensitivity nearly doubled.

Remarkedly, our model has shown the ability to discern specific
AASimages that remain elusive even with Al assistance to radiologists.
AsshowninFig.3c, for the ‘visible’ AAS case, radiologists were able to
detectdistinctive lesion features on noncontrast CT with Al assistance,
leading to a revision of their initial diagnosis. However, for the other
highly ‘invisible’ AAS case, our model provided a very high Al predic-
tion probability and visualized lesion results, but radiologists did not
consider the case to be AAS.

Stage IlI-large-scale, real-world, retrospective study

Tofurther explore the model’s robustness across various noncontrast
CT protocols fromreal-world emergencies, we performed a two-round,
large-scale, real-world, retrospective study using a total of 145,201 non-
contrast CT scans from 137,525 consecutive patients with acute chest
paininthree hospitals. Details regarding the sources of the noncontrast
CT scans are shown in Fig. 4b and Extended Data Fig. 1. The diagnosis
labels were confirmed by the conclusive diagnosticimaging or medical
records within the 2-week follow-up.

The first real-world evaluation cohort (RW1) consisted of 23,094
noncontrast CT scans of 20,832 consecutive individuals from The First
Affiliated Hospital of Zhejiang University School of Medicine (FAHZU),
including 44 AAS scans. For AAS detection, the model achieved an
overall sensitivity of 0.818 (95% CI 0.680-0.905) and a specificity of
0.994 (95% C10.993-0.995) (Fig. 4c). Tocomprehend the error patterns
ofthe model across various noncontrast CT scans, amultidisciplinary
team reviewed the error cases. The majority of false-negative cases
occurred in cases with a limited FOV and small z-axis coverage. To
improve the model performance in detecting AAS on noncontrast CT
from different CT protocols, we implemented hard example mining
andincrementallearning techniques toupgrade the previously trained
model. To evaluate the generalizability of the updated model, we con-
ducted the second-round study (RW2) within one internal real-world
cohort (n=76,582, 69 patients with AAS) and two external real-world
cohorts (n=24,365, 26 patients with AAS; and n=20,160, 23 patients
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Fig. 2| Stage I multicenter model validation. a, ROC curves of AAS detection on
theinternal and external validation cohorts. b, Sensitivity of AAS detectionin the
internal validation cohort (n =795) and external validation cohorts (cohorts 1-7,
n=6,495). Theerror bars denote the two-sided 95% Cl computed from 1,000
bootstrappingiterations. ¢, Confusion matrices of AAS detection on the internal
and external validation cohorts showing TPs, TNs, FPs, and FNs, with sensitivity,

specificity, PPV and NPV calculated accordingly. d, Sensitivity of four subtypes
(TAAD, TBAD, IMH and PAU) of AAS detection in the internal cohorts (n =795)
and external validation cohorts (cohorts 1-7,n = 6,495). The error bars denote
the two-sided 95% Cl computed from 1,000 bootstrapping iterations. FPs, false

positives; FNs, false negatives; TPs, true positives; TNs, true negatives.
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the performance of the original model and the upgraded model, respectively.
e, Model performance metrics (AUC, accuracy, sensitivity and specificity)
for AAS detection across three subtypes (noncontrast chest CT (cohorts1-3,
n=42,423), noncontrast abdominal CT (cohorts 1-3, n = 74,261) and others
(cohorts1-3,n=5,423)) in the RW2 cohorts. The error bars denote the two-sided
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with AAS). For AAS detection, the updated model achieved a sensitiv-
ity 0f 0.913-0.942, and a specificity of 0.991-0.993. Compared with
the original model, the updated one retains a similar level of speci-
ficity while achieving notably increased sensitivities by 11.6-19.2%
(P<0.001). The ROC curves of both the original and upgraded models
are shown in Fig. 4d. The significance test comparing the AUCs of the
originaland upgraded modelsis conducted using the Delong test. The
result demonstrates that the observed differences in AUCs between
the two models are significant (P < 0.001in all three cohorts of RW2).
Furthermore, Fig. 4e shows the model performance metrics (AUC,
accuracy, sensitivity and specificity) for AAS detection across three

subtypes (noncontrast chest CT, noncontrast abdominal CT and oth-
ers) in the RW2 cohorts. These findings demonstrate that our model
consistently achieves robust numerical performance results under
various CT protocols.

We evaluated the potential clinical value of our proposed Almodel
inidentifying patients with AAS. In China, initial diagnosis by emer-
gency clinicians was based on preliminary investigation (using age, risk
factors, history, pain characteristics, findings on physical examination,
electrocardiogram (ECG) and some laboratory tests). In this study,
127 patients with AAS (who were excluded from the cohort) were sus-
pected of having AAS after the initial assessment, and the remaining
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121 patients with AAS (31 with TAAD, 45 with TBAD, 21 withIMH and 24
with PAU) did not initially receive the proper or correct initial triage
decisions from emergency clinicians and subsequently performed
other CT protocols examination (mostly via noncontrast CT) as the
initial imaging rule-out test. Applying our Al model helped correctly
diagnose 90.1% (109/121) of patients with AAS in this subpopulation.
Meanwhile, a total of 9.9% of patients (RW1: n=6, RW2: n=6) were
missed by the Al model (Supplementary Tables 5-8); most of them
(n=11) had PAU, while the remaining patient had limited IMH. Three
casesillustrating the potential benefits for patients with AAS are shown
in Extended Data Fig. 4.

Stage IV—prospective multicenter study

Giventherapid progression and high mortality rate of AAS, itisimpera-
tive to minimize the risk of inaccurate initial assessment, thereby ena-
bling and assuring timely and appropriate clinical decision-making.
To address this, we developed the iAorta system, which incorporates
automatically computed analysis and early warning functionalities.

Multicenter comparative study. To investigate the effectiveness of
iAortainthe ED asanearly AAS warning tool, we conducted a prospec-
tive study involving a cohort of 13,846 consecutive patients (14,436
noncontrast CT scans) who were initially not suspected of having AAS
and underwent noncontrast CT scans (or CT protocols thatincluded a
noncontrast phase) across three medical centers. The study aimed to
compare the performance of two groups of radiologists inidentifying
early signs of AAS: group A, independently reviewing images to mirror
the current clinical workflow, and group B, performing the same task
with assistance fromiAorta, asillustrated in Fig. 5a. In the first group,
theradiologist team, consisting of the initial reporting (IR) radiologist
and the report reviewing (RR) radiologist, independently evaluate
imagesinasequential manner within the current clinical workflow. This
process generates two independent diagnostic records: one for the IR
radiologist’s diagnosis and the other for the RR radiologist’s diagnosis,
for each CT scan. In the second group, patients’ CT scans are auto-
matically fed into the iAorta systemin real time, which thus produces
Al-based AAS detectionresults. Ifthe Al detects any abnormalities, both
theIRand RRradiologists receive subsequential pop-up alerts, prompt-
ing themto prioritize the review of the Al-flagged (or AAS-positive) CT
images. After reviewing the Al results, the AAS-assisted diagnosis is
recorded. This process yields three independent diagnostic records
for each image: the IR radiologist’s diagnosis (aided with Al), the RR
radiologist’s diagnosis (aided with Al) and the Al-generated results.
Inthefirstgroup, IR radiologistsidentified 3 out of 14 AAS-related
positive results in 14,436 noncontrast CT scans, while RR radiologists
detected 6 out of 14 AAS-related positive results. Inthe second group,
afterreviewing the Al-generated results, IR radiologists reported 11 out
of 14 positive results, and RR radiologists found 12 out of 14 positive
results. The sensitivity and specificity of IR radiologists improved from
0.214 (95% CI1 0.076-0.476) to 0.786 (95% C1 0.524-0.924; P= 0.008)
and from 0.983 (95% CI 0.981-0.985) to 0.991 (95% C1 0.989-0.992;
P<0.001), respectively. For RR radiologists, their sensitivity and spec-
ificity improved from 0.429 (95% Cl 0.214-0.674) to 0.857 (95% CI
0.601-0.960; P=0.031) and from 0.989 (95% C10.987-0.990) to 0.990
(95% C10.989-0.992; P= 0.165), respectively (as shownin Fig. 5b). The
Almodel alone demonstrated a high sensitivity score of 0.857 (95% CI
0.601-0.960), and a specificity 0f 0.992 (95% C10.990-0.993), asillus-
tratedinFig. 5b and Extended Data Table 4. Moreimportantly, integrat-
ingtheiAortasysteminto the current diagnostic workflow reduced the
average time from admission to correct diagnosis’ pathway for patients
with AAS with initial false suspicion, significantly from an average of
219.7 (115-325) min down to 61.6 (43-89) min (as shown in Fig. 5¢).

Pilot deployment. To further assess the real operational performance
ofiAorta, weintegrated theiAortasysteminto the current pilot clinical

routine in Shanghai Changhai Hospital, as depicted in Fig. 6a. iAorta
automatically processes large volumes of CT images from the hospi-
tal Picture Archiving and Communication System (PACS), identifies
patients at risk of AAS and provides pop-up alerts to the diagnostic
radiology team for positive cases, prompting themto prioritize review
using aninteractive visual interface. A detailed illustrationis shownin
Supplementary Video 1. With the aid of prompt and accurate warnings
fromiAorta, the radiologist team successfully identified 21 out of 22
patients with AAS among a cohort of consecutive 15,584 patients who
underwent noncontrast CT as the initial imaging test in the ED from
20 December 2024 until 28 February 2025. One PAU patient was missed.
The AAS identification performance reached an exceptional level,
with a sensitivity of 0.955 (95% CI1 0.864-1.000) and a specificity of
0.994 (95% C10.993-0.995), as shown in Fig. 6b. Note that the average
diagnostic time of these 21 patients was controlled within mean 102.1
(range of 75-133) min.

In particular, in one case, a patient presented to the ED with
right upper abdominal pain, as illustrated in Fig. 6d. After an initial
assessment, clinical suspicion of anabdominal pathology emergency
prompted the ordering of anoncontrastabdominal CT. Approximately
1 min after the CT scan was uploaded to the PACS (or 3 min after the
CT scan examination), iAorta issued an early warning to the on-duty
radiologist viaa pop-up alert. Although the radiologist could not defini-
tively identify or confirm signs of AAS on the noncontrast CT with
the assistance of iAorta, the possibility of AAS diagnosis could not be
excluded. After amultidisciplinary clinical team discussion and obtain-
inginformed consent from the patient, an aortic CTA was performed,
revealing a Stanford TBAD. Although the patient initially followed an
incorrect diagnostic pathway (which is common), the early, accurate
warning provided by iAorta on the noncontrast CT enabled the final
definitive diagnosis of AAS within 94 min from hospital admission,
ensuring both timely and appropriate patient management.

Discussion

Inthis study, we developed and validated iAorta, an Al-based real-time
early warning system designed to assist radiologists and ED clinicians
inaccurately and rapidly detecting AAS using noncontrast CT scans
alone. Through large-scale real-world retrospective and prospective
validation across multiple centers in China, iAorta demonstrated
robust performance, highlighting the notable potential of applying
noncontrast CT as a reliable and alternative tool for AAS diagnosis.
Notably, the interpretable output generated by iAorta substantially
enhanced radiologists’ diagnostic confidence, indicatingits critical role
insupporting clinical decision-making. Importantly, our study findings
highlight several key benefits of iAorta. (1) In resource-constrained
settings where noncontrast CT is often the only available or primary
initial imaging modality, iAorta can help reduce delayed or missed
diagnoses of AAS. (2) In clinical settings utilizing multiphase noncon-
trast and postcontrast CT protocols for AAS evaluation, iAorta’s high
specificity and NPV on noncontrast CT scans can potentially help to
avoid unnecessary contrastinjection and reduce radiation doses from
the postcontrast CTA.

The main strengths of iAorta are its validated high feasibility and
reliability in real-world clinical settings. While several DL algorithms
have been previously developed inthisfield, their performance varies
notably between internal and external validation datasets, and none
has been thoroughly evaluated in large-scale real-world prospective
scenarios” %, In such situations, the model’s low stability and biases
in the training data notably limit its generalizability. By leveraging a
large-scale, high-quality dataset with precise pathology annotations
and using arefined effective two-stage training strategy, our model
outperformed other state-of-the-art algorithms, as demonstrated
in Supplementary Fig. 2 and Supplementary Table 1. Our datasets
primarily consisted of non-ECG-gated CT images and the noncontrast
CT sourced from various scanning protocols, devices and populations.
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reach a correct diagnosis for this patient, from 273 min to 56 min.
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highlighting the benefits of using iAorta for patients with AAS who initially
presented with acute abdominal pain and were suspected of having other acute
conditions in real-world emergency settings. While the patient initially entered
anincorrect diagnostic pathway, the early warning provided by iAorta on the
noncontrast CT enabled the definitive diagnosis of AAS within 94 min of hospital
admission, ensuring both timely and appropriate management. FPs, false
positives; FNs, false negatives; TPs, true positives; TNs, true negatives; BP, blood
pressure; HR, heart rate; RR, respiratory rate; CRP, C-reactive protein.
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Although artifactsin the ascending aortaon non-ECG-gated CT images
can lead to false-positive diagnoses of aortic dissection*° (as shown
inFig.3c),iAortaeffectively addresses these challenges and performs
well. Moreover, previous studies have primarily focused on TAAD and
TBAD alone, neglecting other critical conditions such as IMH and
PAU. Recognizing theimportance of these additional lesionsis crucial
for comprehensive coverage of complete AAS diagnosis and disease
management. A key characteristic of AAS is the potential synchro-
nous or metachronous appearance of these lesions in different aortic
segments. These conditions, including TAAD, TBAD, IMH and PAU,
are all time sensitive and can progress rapidly, with the risk of aortic
rupture, especially during the initial stages of onset®*2, Our findings
indicate that iAorta not only satisfactorily meets the critical clinical
needs associated with AAS but also demonstrates strong potential for
widespread application across noncontrast CT imaging with diverse
patient scanning parameters, without requiring frequent adaptations
or fine-tuning for future use.

iAorta has demonstrated promise as a tool to assist radiologists
and emergency department clinicians by providing effective and
interpretable visual cues of acute aortic lesions to support clinical
decision-making. This featureis crucialin practice because visual clues
help explain and validate Al system predictions, which is especially
important for this acute life-threatening condition. Our visualization
method is based on segmentation masks of the aorta and true lumen
to generate the corresponding distance maps, making the presenta-
tion of lesion regions more spatially precise®, increasing radiologists’
confidence in evaluating and using the iAorta system’s results. In our
study, differencesin diagnostic accuracy among radiologists of various
levels of experiences were evident, highlighting the challenges when
detecting AAS on noncontrast CT scans. Because certain imaging
features canbetoo subtle to notice without proper assistance, radiolo-
gists, particularly those with less experience, often struggle, and may
even be unable, to identify AAS on noncontrast CT images. With the
AAS flagging visual messages provided by our model/tool, radiologists’
diagnosticaccuracy canbe greatlyimproved. Unlike existing medical
imaging-assisted diagnostic systems, iAortaincorporates an additional
alert function. By prioritizing patients with a high probability of being
AAS positive through timely alerts, the system enables radiologists to
allocate their time and necessary attention to critical cases earlier (at
the earliest possible), thereby optimizing the overall clinical workflow
efficiently and effectively.

iAorta has the capability to locate lesion regions that may not be
detected by radiologists when only using visual inspection. This ability
probably stems from the DL model’s enhanced capacity to represent
fineimage features, enablingit to detect visually subtle but critical dif-
ferences in pixel Hounsfield unit gradients®*. In cases where the specific
manifestations of AAS are not visually apparent on noncontrast CT
imaging—especially commoninyounger patients, whomay particularly
benefit from the high sensitivity of AAS detection—iAorta’s capabili-
ties are especially valuable. Visualized intimal flaps and thrombosed
lumens appearing as high-attenuation areas are typical manifestations
of AAS™. Older patients with AAS, usually with chronic hypertension,
may exhibit atherosclerotic changesinthe arterial wall, such asintimal
thickening and calcification. Conversely, AAS in young individuals,
often caused by connective tissue disorders, may result in fewer ath-
erosclerotic changes®*”. Young patients with AAS, especially when
asymptomatic, may be noncompliant with follow-up appointments
and could deny their medical conditions. Due to concerns about CT
imaging contrast material risks and medical costs, these patients may
choose not to undergo aortic CTA initially or even refuse doing itin
the ED. However, importantly, young patients with AAS often experi-
ence severe or rapid disease progression®®. iAorta has demonstrated
the potential to alleviate this diagnostic dilemma. If these patients
have previously undergone routine noncontrast chest or abdominal
CT scans, given the critical nature of AAS, it is advisable to proceed

immediately with aortic CTA examination when radiologists cannot
obtain consistent positive results—whether or not assisted by iAorta.

Our real-world clinical data highlight the critical role of noncon-
trast CTin theinitial evaluation of patients presenting with acute chest
painin EDs across China, where the high cost and limited availability of
CTA pose substantial barriers. Notably, the geographical distribution
oftertiary hospitals in China varies substantially, with alarge propor-
tion of patients with AAS first seeking care at community hospitals
or nontertiary centers®*. At these clinical sites, CTA is often limited
by technical and equipment constraints, making noncontrast CT the
only feasible imaging test. Integrating iAortawith interhospital cloud
platforms could expedite the referral of AAS patients from nontertiary
totertiary centers, ensuring timely and accurate treatment. Similarly,
inlow- and middle-income countries, the high cost and limited avail-
ability ofiodinated intravenous contrast media further restrictaccess
to CTA™?. iAorta with its high sensitivity and NPV can help improve
diagnostic confidence for excluding AAS from noncontrast CT. This
enables CTAtobereserved for patients witha higher likelihood of AAS
based on Al-driven evaluations of noncontrast CT scans. Moreover,
delayed recognition of AAS remains a notable challenge. Even for
TAAD, which often presents with typical symptoms, the median time
fromarrival at the ED to diagnosis is 4.3 h (ref. 5). The results from our
prospective pilot deployment study demonstrated that, wheniAorta
was integrated into routine noncontrast CT workflows, the average
diagnostic time for patients with AAS with atypical presentations was
reduced to under 2 h. These findings clearly underscore the strong
potential of iAorta to reduce delayed or missed diagnoses of AAS in
settings where noncontrast CT remains the unavoidable initial or sole
imaging test. Meanwhile, in settings where CTA is widely used, the
application of iAorta does not imply the need to repeat or delay the
contrast-enhanced CT scans. Many institutions (for example, inHong
Kong SAR) adopt multiphase CT protocols, includingboth noncontrast
and postcontrast phases, as the standard protocol for AAS evaluation®.
Noncontrast CT is often performed before contrast administration to
enhance the detection of IMH and other subtle radiological findings. In
our prospective pilot deployment study, a standard server equipped
with a single NVIDIA 3090 graphics processing unit was capable of
completing computinginference for anoncontrast CT scan case within
40 s.In such settings with the multiphase CT protocols, iAorta’s high
specificity and high NPV on noncontrast CT could help avoid unnec-
essary contrast administration and reduce radiation exposure from
postcontrast CT scans, particularly in low-risk patients (and possibly
reduce healthcare costs).

Despite these remarkable results, there are several limitations
ofiAortathat are worth mentioning. First, our model was trained and
validated on diverse cohorts within the Chinese population. Given the
potential variability in aortic anatomy across different ethnicities,
as well as differences in imaging equipment and acquisition proto-
cols, further studies are needed to assess the model’s generalizability
across populations and scanning platforms. Second, the model’s
sensitivity for detecting PAU could be further improved. Integrating
clinical symptoms and laboratory test results into a multimodal DL
model has the potential to enhance its detection capabilities. Third,
more patients in the early stages of AAS seek initial care at EDs at
nontertiary centers or even community hospitals. We are planning to
conductanother prospective, randomized, controlled trial extending
toabroader range of medical centers and facilities to investigate the
performance of iAortain hospitals of various levels and its impact on
enhancing the accuracy of the referral process. Also, through rand-
omized controlled group comparisons, we can evaluate the time to
definitive diagnosis and survival outcomes of AAS patients with and
without iAorta deployment.

In conclusion, our findings demonstrate that iAorta is a highly
valuable tool for critical emergency decision-making, facilitating
earlier and more accurate diagnosis of AAS through early warning,
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thereby enabling timely and appropriate patient treatment. Further-
more, iAorta may be extended to show good potential in detecting
other life-threatening causes of chest pain beyond aortic conditions,
suchasnon-ST-segment-elevation acute coronary syndrome, pulmo-
nary embolism and esophageal rupture®. Increased availability and
improved scanning technology have led to drastic increases in CT
utilization, particularly inthe ED**"*2, The integration of iAorta and its
potential variations could offer valuable benefits into the clinical utility
ofnoncontrast CTinthe early and accurate diagnosis and management
of high-risk patients presenting with acute chest pain. Meanwhile,
iAorta achieved excellent and robust specificity in several realistic
and large-scale clinical settings. This demonstrates that Al technol-
ogy has the potential to make noncontrast CT an effective rule-out
tool, standardize decision-making for the use of advanced imagingin
life-threatening conditions, and balance the risks of misdiagnosis and
overtesting. By leveraging Al technology to aidin the interpretation of
CT scans, healthcare providers may be better equipped to promptly
identify and address life-threatening causes of patients with acute
chest pain, improve final patient outcomes and optimize the clinical
decision-makingin ED scenarios.
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Methods

Ethics approval

Data collection protocols and the use of images, radiological reports
and clinical information were approved by the ethical committee of
each participating hospital. Informed consent was waived for retro-
spectively collected CT images and clinical information, and written
informed consent was obtained from patients whose CT examinations,
clinical information and follow-up records were prospectively col-
lected. Allprocedures followed the tenets of the Declaration of Helsinki.

Study design and study population

To train the model to learn the image features of AAS on noncontrast
CT, we collected data from 3,350 consecutive patients who under-
went aorta CTA scans, including both arterial and noncontrast phase
CT series, at FAHZU (Zhejiang, China) between 2016 and 2020 as the
internal training cohort. The detailed inclusion and exclusion criteria
are presented in Supplementary Section 1.1. The internal training
cohort consisted of 1,265 patients with AAS (296 with TAAD, 341 with
TBAD, 321 with IMH and 307 with PAU) and 2,085 patients without AAS.
The baseline demographic information and image characteristics of
noncontrast phase CT series are summarized.

To evaluate the diagnostic performance of the model and its inter-
pretability for radiologists, we collected data from 2,287 consecutive
patientswho underwentaorta CTAat FAHZU between2021and 2022 as
theinternal validation cohort under the sameinclusion and exclusion
criteria. The internal validation cohort consisted of 795 patients with
AAS (188 with TAAD, 248 with TBAD, 203 with IMH and 156 with PAU)
and 1,492 patients without AAS. We ensured that the internal validation
dataset did not overlap with the internal training dataset, and the radi-
ologists participating in the reader study had not previously reviewed
the data from the internal validation dataset.

Weenrolled sevenindependent multicenter cohorts for external
validation to assess the generalizability and robustness of the devel-
oped model. The external multicenter validation cohorts were col-
lected from seven centers across China: one top medical center in
southern China (external validation cohort 1, Nanjing Drum Tower
Hospital, NDTH, 3,287 patients), one top medical center in northern
China (external validation cohort 2, Shandong Provincial Hospital
Affiliated to Shandong First Medical University, SPH, 2,351 patients)
and five regional medical centers in Zhejiang Province (external vali-
dation cohort 3, Taizhou Hospital of Zhejiang Province, TZH, 1,567
patients; external validation cohort 4, the First Affiliated Hospital of
Wenzhou Medical University, FAHWMU, 4,574 patients; external vali-
dation cohort 5, Ningbo No. 2 Hospital, N2H, 2,369 patients; external
validation cohort 6, Quzhou People’s Hospital, QPH, 3,015 patients;
external validation cohort 7, Shaoxing Central Hospital, SCH, 1,300
patients). The detailed inclusion and exclusion criteria were consist-
ent with those described above, and the process of enrollment for
each cohort is described in Supplementary Section 1.3 (as shown in
Supplementary Fig. 4). The multicenter validation cohort, consisting
of noncontrast CT scans of 6,495 patients with AAS (1,343 with TAAD,
1,905withTBAD, 1,718 with IMH and 1,529 with PAU) and 11,968 patients
without AAS, was used for independent validation when no model
parameters were tuned or adjusted.

To further explore the model’s robustness across various non-
contrast CT protocols from real-world emergency, we performed
atwo-round, large-scale, real-world, retrospective study (RW1and
RW2) on three medical centers in Zhejiang Province, China. The origi-
nal model and the upgraded model were evaluated in the RW1 and
RW2 cohorts, respectively. Patients who presented to the ED with
acute chest pain and underwent CT scans (for example, noncontrast
chest CT, noncontrast abdominal CT, pulmonary CTA, coronary CTA,
esophageal CT, lumbar CT or thoracic CT) covering part of the aor-
tic region based on the initial suspicion of other acute diseases were
enrolledinthis study. Note that some patients underwent multiple CT

examinations with different protocols. We collected the noncontrast
phase CT series images from the various CT examinations mentioned
above. The detailed inclusion and exclusion criteria are described
in Supplementary Section 4.1 (Supplementary Figs. 5-9). The RW1
cohort comprised 23,094 noncontrast CT scans (44 AAS images, 23,050
non-AAS images) from 20,832 consecutive patients with acute chest
pain at the FAHZU (32 AAS individuals, 20,800 non-AAS individuals).
The RW2 cohort comprised 122,107 noncontrast CT scans (118 AAS
images, 121,989 non-AAS images) of 116,693 consecutive individuals
with acute chest pain at FAHZU, QPH and SCH (89 AAS individuals,
116,604 non-AAS individuals).

To further evaluate the implementation of iAorta in the realistic
clinical settings, we conducted a two-stage, prospective and multi-
center study. Patients who presented to the ED with acute chest pain
symptoms and underwent CT scans covering part of the aorticregion
based on the initial suspicion of other acute diseases were enrolled in
this study. We collected the noncontrast phase seriesimages fromthe
various CT examinations. The detailed inclusion and exclusion criteria
are described in Supplementary Section 5.1 (Supplementary Figs. 10
and11). (1) The comparative cohort comprised 14,436 noncontrast CT
scans (14 AAS images, 14,422 non-AAS images) of 13,846 consecutive
patients (11 AAS patients, 12,884 non-AAS patient) with acute chest
pain at the FAHZU, QPH and SCH. (2) The deployment cohort con-
tained 16,054 noncontrast CT scans (22 AAS images, 16,032 non-AAS
images) of 15,584 consecutive patients (22 AAS patients, 15,562 non-AAS
patients) with acute chest pain at Shanghai Changhai Hospital, SHCH.

The CT images were retrieved from the PACS of each participat-
ing hospital and stored in Digital Imaging and Communications in
Medicine (DICOM) format. For all aorta CTA scans in the training and
validation datasets, both arterial and noncontrast phase CT series
wereincluded. The aorta CTA scan protocol started with a noncontrast
CT scan from the thoracic inlet to the pubic symphysis, covering the
entirety of the aorta. Thereafter, the arterial phase CT scan was per-
formed over the same area as the systemic arterial phase scan. Due to
the small-time gap between the two scans, the anatomical morphology
depicted in the noncontrast phase series differed slightly from that
observed in the arterial phase series taken ‘simultaneously’. For the
datain the clinical practicality study, noncontrast phase series were
retrieved from various CT scans.

Diagnostic criteria

To evaluate the diagnostic accuracy of the AAS detection model,
patients wereinitially categorized into non-AAS or AAS groups. Within
the AAS category, patients were further classified into four subgroups
based on the subtype of AAS as per the 2022 American Heart Associa-
tion/American College of Cardiology guidelines': TAAD, TBAD, IMH
and PAU. Patient cases presenting with a PAU alongside IMH were
categorized under the IMH group, due to the higher risk associated
with IMH compared with isolated PAUs. This classification approach
facilitated amore precise assessment of the model’s ability to identify
various emergent cases.

Inthe training and validation cohorts, corresponding arterial series
CTimages from the same aortic CTA were used as the gold standard to
determine the presence of AAS. Each image was assigned a case-level
diagnosticlabel, including the disease subtype, through a tiered annota-
tion system. Moreover, two additional pixel-level segmentation labels
were provided for the training datasets. The tiered annotation system
consists of three cascades of trained radiologists at different levels for
the verificationand correction of CT image pixel-level labels. The details
aredescribed in Supplementary Section1.4.

For both the retrospective real-world study and prospective
multicenter study, patients’ diagnoses were confirmed through the
diagnostic data obtained during the ED visit and during the 14-day
follow-up period. Details of the diagnosis standards are described in
Supplementary Sections 4.2 and 5.2, respectively.

Nature Medicine


http://www.nature.com/naturemedicine

Article

https://doi.org/10.1038/s41591-025-03916-z

The development of the DL model and iAorta system

The DL model consists of two stages (Extended Data Fig. 2) and was
trained using supervised DL. Given the input of anoncontrast CT scan,
we localized the aorta at the coarse stage and then detected possible
AAS at the fine stage. The output of model consists of three compo-
nents: the classification of the potential AAS with probabilities, the
segmentation mask of the aortawall and true lumen, and the activation
result representing the potential lesion regionin each CT slice.

The aim of the coarse processing stage is to localize the aorta.
In this stage, we trained a lightweight nnU-Net**** to segment the
whole aorta from the input noncontrast CT scan. The aim of the fine
processing stage was to detect the potential AAS lesion. The network
is based on a multitask learning strategy®. Specifically, we trained
a joint segmentation and classification network to simultaneously
segment the aortic wall and true lumen and classify the patient-level
abnormalities, thatis, AAS or non-AAS. The network output consists
of the probabilities of AAS, the segmentation mask of the aorta wall
andtrue lumen, and the activation map result indicating the potential
lesionregion for enhanced reader interpretability. The activation map
result canindicate the potential lesion region spatially for enhanced
slice-level and patient-level interpretability. Moreover, the network is
supervised by acombination of focal loss*¢, Dice loss* and voxel-wise
cross-entropy loss*®. More details on the training and inference of
two stages are given in Supplementary Sections 2.2 and 2.3. After
the RW1analysis, we collected both false-positive and false-negative
noncontrast CT data from the RW1 cohort. This process aligns with
machine learning strategies referred to as hard example mining*
and incremental learning°. The evolved model was subsequently
subjected to evaluation onthe RW2 cohort. Details regarding the col-
lection and annotation of these updated training datasets, along with
the fine-tuning protocol, are described in Supplementary Section 4.4
(Supplementary Fig. 3).

We have developed a browser-server collaborative early warn-
ing system designed for rapid and accurate detection of AAS in two
prospective real-world clinical settings. By integrating a noncontrast
CT phase selection/identification tool, we developed the model and
awarning pop-up plugin, so that the system can process and analyze
large amounts of patient datainreal time, enabling radiologists to get
timely alerts and make informed diagnosis and intervention. More
details are given in Supplementary Section 2.7. Please note that we
have provided complementary access to the browser interface of our
iAortasystem (https://iaorta.medofmind.com/; Extended DataFig.5).
The browser interface provides an open-access CT image database
containing typical cases, which may be a useful resource for training
radiologists as well as familiarizing researchersin the field of analyzing
aortic diseases and Al-assisted medical imaging.

Model and system evaluation

After training the DL model, we conducted a multicenter validation
study, areader study and a large-scale real-world retrospective study
to evaluate the model’s performance and its potential benefit for the
current existing clinical workflows. After the real-world retrospective
study, the DL model is developed and upgraded toiAorta, abrowser-
server collaborative early warning system, to enhanceits applicationin
real-world emergency clinical settings. We then conducted a prospec-
tive multicenter study to evaluate theimplementation of iAortain the
realistic clinical setting.

Stage |I—multicenter model validation. We used eight independent
multicenter validation patient cohorts to evaluate the model perfor-
mance. Our model is formulated as a two-class classification task to
distinguish between AAS and non-AAS. Having AAS is defined as the
‘positive’ class for calculating AUC, sensitivity, specificity, PPV, NPV,
accuracyand F1score. Inaddition, we calculated the diagnosis sensitiv-
ity of modelin cases of four AAS subtypes (including TAAD, TBAD, IMH

and PAU) separately because the disease progression and untreated
mortality differed notably among the four subtypes.

Stage ll—reader study on the noncontrast CT. We recruited a total
of 11 radiologists with three levels of clinical specialty experience
(specialty experts, board-certified general radiologists and medical
trainees) tocompare the model performance with that of radiologists.
This test was conducted intwo phases or periods using noncontrast CT
images from the internal validation dataset. Phase 1took place over a
16-week period (6 January 2023 to 28 March 2023) and was designed
toevaluate the performance of the radiologists alone. During phase 1,
11 radiologists interpreted scrambled noncontrast CT images on the
edge-cloud collaborative platform mentioned above, while the widget
displaying the Al results was intentionally set to be inactive. There-
fore, the radiologists were blinded to the Al results in phase 1. After a
2-month desensitization period, participating radiologists previously
interpreting noncontrast CT images were retained and trained to use
our model on the online platform with the widget activated, but they
were not informed of the detection accuracy of our model. Phase 2
spanned a 16-week period (7 July 2023 to 10 October 2023) and was
designed to evaluate the performance of the clinicians assisted with
Alimage interpretation tool. The Al results were displayed in a visual
interface concurrently during the image diagnostic evaluation. The
detailsare provided in Supplementary Section 3.

Stage lll—large-scale, real-world, retrospective study. To explore
the robustness across various noncontrast CT protocolsin real-world
emergency scenarios, weretrospectively collected four patient cohorts
with acute chest pain symptoms presenting to the EDs in three hos-
pitals and conducted two rounds of real-world evaluation (RW1and
RW?2). First, the model was evaluated on RW1. Then, after analyzing the
reasons for bad cases based on the evaluation results, weincorporated
the false-positive and false-negative cases from RW1 and upgraded
our model by incremental learning techniques. Finally, the upgraded
model was evaluated on RW2. At the same time, the original model
was also evaluated on RW2 as a control group. As timely diagnosis of
AASis crucial forimproving prognosis, we evaluated the reductionin
missed and incorrect diagnoses, which serves as akey indicator of our
model’s potential benefit.

Stage IV—prospective multicenter study. To further evaluate the fea-
sibility ofiAortain realistic real-world clinical settings, we prospectively
conducted bothacomparative study and apilot deployment study. We
developed areal-time warning system, iAorta, whichisintegratedinto
the existing clinical workflow on PACS.

The prospective comparative study is a prospective, observational
study. Werecruited two groups of radiologists to explore the potential
improvement in diagnostic performance and the reduction in final
definitive diagnosis time when iAorta is integrated into the existing
clinical workflow, as compared with the original clinical workflow.
Eachgroupincluded board-certified general radiologists per shift for
the initial report and specialty experts for the final reviewing report.
Group A independently reviewed the patients’ CT scans in a sequen-
tial manner under the current clinical workflow using the local PACS
and provided the final reviewing report to guide subsequent patient
management. This process generates two independent diagnostic
records: one for the IRradiologist’s diagnosis and the other for the RR
radiologist’s diagnosis, for each patient CT scan. Meanwhile, group B
reviewed the images with the assistance of a locally deployed iAorta
system. The images are automatically fed into iAorta system, which
then produces Al-based results. If the Al detects any abnormalities,
both the IR radiologists and the RR radiologists receive subsequen-
tial pop-up message alerts, prompting them to prioritize the review
of the Al-flagged (AAS-positive) patient scan. After reviewing the Al
results, the AAS-related diagnosis is recorded. This process yields
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three independent diagnostic records for each image: the IR radiolo-
gist’s diagnosis (aided with Al), the RR radiologist’s diagnosis (aided
with Al) and the Al-computed results. In addition, we recorded the
patients’ arrival time to the hospital, the time of initial diagnosis and
final definitive diagnosis, the time-to-results for laboratory testing
andthetime of ordering the CT examination, performingthe CT scan,
theinitial report and the final report. Here, we defined the time to the
correct diagnostic pathway for patients with AAS as the period from
the patient’s arrival in the ED until AAS was mentioned as a positive
possibility in their noncontrast CT imaging report via Al associated
with a recommendation for the aortic CTA examination, or the point
atwhichthey were advised to undergo conclusive diagnostic imaging
for other reasons by clinicians.

The prospective pilot deployment study is an ongoing, single-arm,
prospective study (20 December 2024 to 28 Febuary 2025). We inte-
grated the iAorta system into the current pilot clinical daily routine
and utilized Al-assisted or Al-alerted electronic imaging reports to
guide subsequent patient management. We also recorded the patients’
arrival time to the hospital, the time of initial diagnosis and final defini-
tive diagnosis, the time-to-results for laboratory testing and the time
of ordering the CT examination, performing the CT scan, the initial
report and the final report. We analyzed the time from the initial ED
presentation to definitive diagnosis.

Statistical analysis

Continuous variables are presented as the means with standard devia-
tions, while frequencies and percentages are noted to summarize clas-
sification variables. The accuracy, sensitivity, specificity, PPV and NPV
of iAorta and radiologists for the detection of AAS were evaluated by
calculating the 95% Cls using the Clopper-Pearson method. We used
the ROC curves as the main quantitative measure to demonstrate and
evaluate the performance of the DL algorithm to discriminate patients
with AAS from normal controls. ROC curves were generated by plotting
the proportion of true positive cases (sensitivity) against the propor-
tion of false-positive cases (1 - specificity) by varying the predictive
probability threshold. A larger AUC indicated better diagnostic per-
formance. The significance test comparing the AUCs was conducted
using the Delong test. All the statistical tests were two-sided with a
statistical significance level of 0.05. We used the scikit-learn package
(version1.0.2) to compute the evaluation metrics.

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

Data availability

The sample data and an interactive demonstration are available
at https://iaorta.medofmind.com/. The remaining datasets used
in this study are currently not permitted for public release by the
respective institutional review boards (IRBs). Data requests pertain-
ing to the study may be made to the first author (Yujian Hu; huyu-
jian@zju.edu.cn). Access will be granted pending IRB approvaland a
signed data-use agreement, and will be restricted to noncommercial
academic use only. All data provided were anonymized to protect
the privacy of the patients who participated in the studies, in line
with applicable laws and regulations. Requests will be processed
within 6 weeks.

Code availability

The code usedtoimplement our modelrelies oninternaltools andinfra-
structure, is protected under patent application CN 202311181343.8,
and therefore cannotbe publicly released. All experiments and imple-
mentation details are described in sufficient detail in the Methods and
Supplementary Information (‘Details of model development’) sections
to support replication with nonproprietary libraries. Several major

components of our work are available in open-source repositories:
PyTorch (https://pytorch.org/) and nnU-NetV1 (https://github.com/
MIC-DKFZ/nnUNet/tree/nnunetvl).
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Model development,
multi-center model validation
and reader study

Patient source: underwent aortic CTA
in the emergency, outpatient,or inpatient
due to clinical needs

. Data source:
Aortic CTA
Z-axis coverage: Thoracic inlet to

both femoral heads
FOV: Full FOV

1.The chest pain means more than pain in the chest.
Pain, pressure, tightness, or discomfort in the chest,

shoulders, arms, neck, back, upper abdomen, or jaw,
as well as shortness of breath and fatigue are all co-
nsidered equivalent symptoms of acute chest pain.

Retrospective real-world study,
prospective multi-center study

Patient source: present to the ED with
acute chest pain’

. Data source:
Coronary CTA (if with non-contrast series)

Z-axis coverage: Tracheal carina to
upper diaphragm

FOV: Limited FOV for coronary
arteries (cover part of aorta)

Non-contrast Chest CT, Rib CT, '
Pulmonary CTA (if with non-contrast series) '

Z-axis coverage: Entire chest
FOV: Full FOV

Non-contrast abdominal CT
Z-axis coverage: Diaphragm to the
symphysis pubis

FOV: Full FOV

Lumbar Spine CT

Z-axis coverage:T12 to S1
FOV: Limited FOV for lumbar spine

Extended Data Fig. 1| Patient and data sources of model development, study (stage IV). Data source includes different field of views (FOVs) and z-axis
multi-center model validation (stageI), reader study (stageIl), large-scale coverage inaortic CTA, coronary CTA, non-contrast chest CT, pulmonary CTA, rib
real-world retrospective study (stage IlI), and prospective multi-center CT, non-contrast abdominal CT, and lumbar spine CT.
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Extended DataFig. 2 | Network architecture. (Top) Overview. Our deep
learning framework consists of two stages: aorta localization using a
lightweight U-Net, and abnormality detection using a multi-task CNN.
(Bottom) Architectures of the lightweight U-Net and multi-task CNN.
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Non-AAS AAS O - Activation score

Arterial phase series

Interpretable results
generated by iAorta

Non-contrast phase series

Slice Sequence -

Slice Activation Map

(a) TAAD

Arterial phase series

Interpretable results

generated by iAorta

Non-contrast phase series

Slice Sequence -

Slice Activation Map
(c) IMH (d) PAU

Arterial phase series

Interpretable results
generated by iAorta

Non-contrast phase series

Slice Sequence -

Slice Activation Map

(e) Beam-Hardening Artifact — Non-AAS (f) Artifact - TAAD
Extended DataFig. 3 | Interpretable results ofiAortain four subtypes of voxel-level localization of AAS. AAS, acute aortic syndrome; TAAD, Stanford Type
AAS and two artifact cases. The two colors in the slice sequence (arranged by Adissection; TBAD, Stanford Type B dissection; IMH, intramural hematoma; PAU,
spatial location) represent two classes of slice-level prediction including AAS penetrating atherosclerotic ulcer.

(yellow) and non-AAS (green). The slice activation map indicates the
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g Female,80

Chief complaint:
Lower back pain for 3 hours

77 mins 43 mins 47 mins
History:

Hypertension for 6 years, a severe
back sprain three years ago, several
episodes of unexplained back pain
in the past year

ECG:First-degree
atrioventricular (AV) block

Physical examination:
T:36.8°C

HR:90 bpm

RR:20 breaths/min
BP:169/83 mmHg

Other measures were normal

Distance map

Laboratory testing:
D-dimers:2880 ng/mL,
Troponin:0.0054 ug/L

Initial Suspicion:
Lumbar disc protrusion?

Kidney stone? Arterial phase

AAS probability: 0.988 : TBAD

b

male,59

Chief complaint:
Abdominal pain for 2 days 100 mins 4 days

91 mins

History: Second visit

Hypertension for 16 years

Physical examination:

T:36.5°C, HR:87 bpm,

RR:19 breaths/min,

BP:207/119 mmHg

Tenderness in the upper abdominal
region, no rebound tenderness.
Other measures were normal

44 mins

ECG: Left anterior fascicular block,
left ventricular hypertrophy

Laboratory testing: Distance map Distance map

D-dimers: 2230 ug/L, H

Troponin: 0.012 ng/mL H

Abdominal pain for 6 days,

chest pain with diarrhea g

for 2 days 3/349 8/349 119/277 125/277 Arterial phase

Initial Suspicion : H
Pneumonia? AAS probability: 0.962 AAS probability: 0.983 TBAD

C Abdominal CT Pulmonary CTA Pericardial effusion was detected

on pulmonary CTA. The patient sudd-
a Female,72 enly experienced cardiopulmonary
arrest. Ultrasound guided pericardio-
Chief complaint:
Abdominal pain for 4 hours

Initial Suspicion :
Acute gastroenteritis?
Acute cholecystitis?

4 days later
Chief complaint:

centesis drained substantial hemorr-
hagic fluid, indicating acute cardiac
tamponade. Despite resuscitative
efforts, the patient was declared de-

123 mins 167 mins 149 mins
History:
Hypertension for 14 years, carotid

artery stenosis for 1 month, curre Metastatic ceased.

-ntly undergoing chemotherapy for chest pain

lung cancer ; o cougs i i
occurring Non-contrast phase Arterial phase Retrospective multidisciplinary te-

Physical examination:

am (MDT) discussion concluded the
T:36.8°C

cause of death to be acute cardiac
HR:86 bpm

RR:24 breaths/min W tamponade secondary to an aortic

BP:94/57 mmHg dissection.
Tenderness in the upper abdominal | Distance map Distance map

=—= . . .

Other measures were normal
Initial Suspicion: ! 1/49 10/49 39/69 47/69

Chemotherapy drug reaction?
AAS probability: 0.982 AAS probability: 0.907

ECG:Complete right bundle branch
block, occasional atrial premature
beats

Laboratory testing:
D-dimers: 18070.00 ug/L,
Troponin: 0.016 ng/mL

Diagnose early and get effective
treatment.

Extended Data Fig. 4 | See next page for caption.
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Extended DataFig. 4 | Flowchart illustrating the potential benefits for and was discharged from the ED. Four days later, he returned to the ED with
patients with Acute Aortic Syndrome (AAS) who were initially suspected to worsening symptoms and underwent a non-contrast chest CT. Our model

have other acute diseases in the retrospective real-world study (stageIll), could have detected AAS during the first visit. c. A patient with abdominal pain
compared to the current clinical workflow. a. A patient with lower back pain was suspected to have achemotherapy drug reaction and underwent clinical

was initially suspected to have lumbar disc protrusion and underwent clinical investigations, including non-contrast abdominal CT and pulmonary CTA. Before
investigations, including lumbar spine CT and non-contrast chest CT.b. A adefinitive diagnosis, the patient experienced cardiopulmonary arrest. iAorta

patient with abdominal pain was initially suspected to have acute gastroenteritis, system could potentially save the patient’s life.
underwent clinical investigations including a non-contrast abdominal CT,
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CT Scanner 1. We collect data from PACS according to RIS records.

2.iAorta system is run on the local private server.
3.iAorta system pushes alerts and results to RIS Client.
4. Radiologists could receive pop-up alerts and review
v detailed results in the interactive interface.

PACS + RIS Local Server

Non-contrast> 1 E
CT Series XTI

v iAorta

\J/
AL
RIS Client V We have granted free
Alert access to the browser
/ »* interface of iAorta.

g e - v’ Abnormal probability.

Cloud Service

Clinical Workflow

v' Aorta wall and true lumen
Detailed

segmentation mask.
{ information v Activation map indicating

possible lesion area.

Extended Data Fig. 5| Flowchart describing the process of the seamless integration of iAortainto the existing clinical workflow. PACS, picture archiving and
communication system; RIS, radiology information system.
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Extended Data Table 1| Cohort characteristics

Model Training

Multi-center model vali

Large-scale real-world retrospective study

Prospective mult-center study

Comparative study

Pilot deployment study
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FANZU FANZU NoTH s zn FAHWMU N Qrn scn FANZU FANZU scu Qr
Number of partcipants 13846 1558

Number of participants 3350 2287 3287 1,567 4574 2369 3015 1300 20832 72,360 23,804 20529 Patient Characte

Patient Characteristics Male, no. (%) 2353 (53.1%) 9,069 (58.2%)
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Age, years (SD) 5849+1566 | S8.58+1607  S9.60£1489 631241537 61711546  6196+1476 59201548  Gl43:1S.18 53841638 | 433841840 | 43461879  45.70:1895  49.95:20.66 (_:::':::“""““""""W" .
Number of images 3350 2287 3287 2351 1,567 4574 2369 3015 1300 23,004 76582 24365 21,160 pack i JR
Data source, no. (%) Abdomioal pein 3846
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Others 0(0%) 0(0%) 0(0%) 0(0%) 00%) 0(0%) 0(0%) 00%) 0(0%) 984(@3%) | 351006%)  1051@3%)  862(41%) DA':::':T; 0 "o .

Classes, no. (%)
Acute Aortic Syndrome(AAS)
TAAD
TBAD
IMH
PAU
Non-AAS

1,265 (37.8%)
296 (8.8%)
341 (10.2%)
321 (9.6%)
307 (92%)

2,085 (62.2%)

795 (34.8%)
188 (8.2%)
248 (10.8%)
203 (39%)
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1,492 (65.2%)

1,296 (39.4%)
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467 (14.2%)
335.(10.2%)
260 (7.9%)
1,991 (60.6%)

980 (41.7%)
242(10.3%)
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235 (10.0%)
1,371 (58.3%)
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1,918 (41.9%)
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485 (10.6%)
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1,778 (75.1%)
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216/(7.2%)
247 (82%)
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2,165 (71.8%)

297 (22.8%)
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59 (4.5%)

1,003 (77.2%)

4402%)
15 (0.06%)
11(0.05%)
7(0.04%)
11(0.05%)

23,050 (99.8%)

69(0.1%)
15(0.02%)
27 (0.04%)
16.(0.03%)
11(0.01%)

76,513 (99.9%)

26(0.107%)  23(0.11%)
9(0.037%) 3(001%)
10(0.041%) 10 (0.05%)
6(0.025%) 6(0.03%)
1(0.004%) 4(0.02%)

24,339 (99.893%) 21,137 (99.89%)
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CT Manufactures, no. (%)
GE Medical Systems 1,564 46.7%) | 1161 (50.8%) 768 (23.4%) 0(0%) 675 (43.1%) 0(0%) 77 (3:3%) 10(0.4%) 268(20.6%) | 9.653(41.8%) | 33302(43.5%) 4824(198%) 693 (3.3%)
Siemens 0(0%) 25(1.1%) 232(11%) 1989 (34.6%) 00%) 1369 (29.9%) 2,003 (846%) 566 (18.8%) 302%) 0(0%) 3807(5.0%)  T8IG2%) 3,057 (145%)
Philips 1786 (533%) | 1,084 (47.4%) 1,028 31.3%) 0(0%) 857 (54.7%) 0(0%) 0(0%) 943.1%) 140 (10.8%) | 13,441 (58.2%) | 36,031 @7.0%) 2,509 (103%) 1,602 (7.6%)
Toshiba 0(0%) 0(0%) 0(0%) 362 (15.4%) 3522%)  3205(70.1%) 0(0%) 2341 (77.6%) 889 (68.4%) 0(0%) 00%) 16251 (66.7%) 15,387 (72.7%)
UIH 00%) 17007%) 1,259 38.3%) 0(0%) 0(0%) 0(0%) 289 (12.1%) 4(0.1%) 0(0%) 0(0%) 3,442 (4.5%) 0.(0%) 421 (1.9%)

Routine non-contrastchest CT

6,148 (38:3%)

Routine non-contrast abdominal CT 9295 (57.9%)

Others 862 (6.0%) 611 (8%

Classes,no. (%)

Acute Aortic Syndrome(AAS) 140.1%) 22(0.14%)
TAAD 4003%) 5003%)
TBAD 4003%) 9(0.06%)
i 4003%) 5003%)
PAU 2001% 3002%)

Non-AAS 14422 (99.9%) 16032 (99.56%)

CT characteristics

Non-ECG-Gated, no.(%) 14307 (99.1%) 16,054 (100%)

Pixel Spacing, mm (SD) 072920069 076620080

Stice Thickness, mm.(SD) 342321801 497020264

Peak Tube Voltage Range, kVp.(SD) 12038122 12082391

Tube Current, mA.(SD) 2912568794 3510624513

CT Manufactures,n0.(%)

GE Medical Systems 3,904 (27.0%) 0%

Siemens 928 (64%) 00%)

Philips 2829 (19.6%) 16,054 (100%)
Toshiba 6738 (46.7%) 00%)

um

3703%)

0@%)

Data are the meanzs.d. or number of individuals or scans (%). FAHZU, the First Affiliated Hospital of Zhejiang University School of Medicine; NDTH, Nanjing Drum Tower Hospital; SPH,
Shandong Provincial Hospital Affiliated to Shandong First Medical University; TZH, Taizhou Hospital of Zhejiang Province; FAHWMU, the First Affiliated Hospital of Wenzhou Medical University;
N2H, Ningbo No.2 Hospital; QPH, Quzhou People’s Hospital; SCH, Shaoxing Central Hospital; SHCH, Shanghai Changhai Hospital; RW, real-world emergency scenario cohort; TAAD, Stanford

Type A dissection; TBAD, Stanford Type B dissection; IMH, intramural hematoma; PAU, penetrating atherosclerotic ulcer; UIH, United Imaging Healthcare.
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Extended Data Table 2 | Results of multi-center model validation

Internal validation
cohort

External validation
cohort 1

External validation
cohort 2

External validation
cohort 3

External validation
cohort 4

External validation
cohort 5

External validation
cohort 6

External validation
cohort 7

Sensitivity (95% CI)

TAAD

TBAD

IMH

PAU

Specificity (95% CI)

Accuracy (95% CI)

AUC (95% CI)

PPV (95% CI)

NPV (95% CI)

F1-score (95% CI)

0.984 (0.972-0.990)

0.995 (0.970-0.999)

0.996 (0.978-0.999)

0.980 (0.950-0.992)

0.955 (0.910-0.978)

0.948 (0.935-0.958)

0.960 (0.951-0.967)

0.980 (0.973-0.987)

0.909 (0.888-0.927)

0.991 (0.984-0.995)

0.944 (0.934-0.955)

0.975 (0.964-0.982)

0.987 (0.963-0.997)

0.991 (0.978-0.997)

0.973 (0.950-0.986)

0.935 (0.898-0.959)

0.937 (0.925-0.947)

0.952 (0.944-0.958)

0.972 (0.962-0.982)

0.909 (0.893-0.923)

0.983 (0.976-0.988)

0.941 (0.932-0.949)

0.973 (0.961-0.982)

0.988 (0.964-0.996)

0.992 (0.972-0.998)

0.980 (0.954-0.991)

0.932 (0.892-0.958)

0.943 (0.930-0.954)

0.956 (0.947-0.963)

0.966 (0.954-0.976)

0.924 (0.907-0.940)

0.980 (0.971-0.987)

0.948 (0.939-0.957)

0.954 (0.933-0.968)

0.971 (0.919-0.990)

0.984 (0.945-0.996)

0.958 (0.915-0.979)

0.916 (0.863-0.949)

0.935 (0.918-0.949)

0.942 (0.929-0.952)

0.945 (0.931-0.958)

0.892 (0.865-0.914)

0.973 (0.961-0.982)

0.922 (0.907-0.937)

0.970 (0.961-0.977)

0.981 (0.962-0.990)

0.990 (0.978-0.995)

0.977 (0.960-0.987)

0.924 (0.895-0.945)

0.941 (0.931-0.949)

0.953 (0.946-0.959)

0.955 (0.946-0.964)

0.922 (0.909-0.933)

0.977 (0.971-0.982)

0.945 (0.938-0.952)

0.954 (0.934-0.968)

0.972 (0.921-0.990)

0.980 (0.944-0.993)

0.953 (0.910-0.976)

0.919 (0.866-0.952)

0.929 (0.916-0.940)

0.935 (0.924-0.944)

0.941 (0.930-0.951)

0.816 (0.786-0.843)

0.984 (0.977-0.989)

0.880 (0.864-0.896)

0.961 (0.946-0.972)

0.988 (0.959-0.997)

0.981 (0.953-0.993)

0.968 (0.937-0.983)

0.912 (0.866-0.943)

0.946 (0.936-0.955)

0.950 (0.942-0.958)

0.954 (0.945-0.963)

0.876 (0.853-0.895)

0.984 (0.978-0.989)

0.916 (0.904-0.929)

0.963 (0.935-0.979)

0.972 (0.903-0.992)

0.980 (0.931-0.995)

0.955 (0.875-0.984)

0.932 (0.838-0.973)

0.932 (0.915-0.946)

0.939 (0.925-0.951)

0.948 (0.934-0.962)

0.808 (0.764-0.846)

0.988 (0.979-0.993)

0.879 (0.856-0.901)

AUC, area under the curve; PPV, positive predictive value; NPV, negative predictive value; TAAD, Stanford Type A dissection; TBAD, Stanford Type B dissection; IMH, intramural hematoma; PAU,
penetrating atherosclerotic ulcer.
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Extended Data Table 3 | Results of reader study

Sensitivity (95% CI)

Specificity (95% CI)

Accuracy (95% CI)

PPV (95% CI)

NPV (95% CI)

Model Alone
Radiologists Alone
Trainee A
Trainee B
Trainee C
Trainee D
Trainee Mean
Board-certificated A
Board-certificated B
Board-certificated C
Board-certificated D
Board-certificated Mean
Expert A
Expert B
Expert C
Expert Mean
Radiologists w/ Model
Trainee A
Trainee B
Trainee C
Trainee D
Trainee Mean
Board-certificated A
Board-certificated B
Board-certificated C
Board-certificated D
Board-certificated Mean
Expert A
Expert B
Expert C

Expert Mean

0.984 (0.972-0.990)

0.416 (0.383-0.451)
0.508 (0.473-0.543)
0.442 (0.407-0.476)
0.338 (0.306-0.372)
0.426 (0.409-0.443)
0.585 (0.550-0.619)
0.652 (0.618-0.684)
0.626 (0.592-0.659)
0.604 (0.569-0.637)
0.617 (0.600-0.633)
0.790 (0.760-0.817)
0.771 (0.741-0.799)
0.813 (0.784-0.838)

0.791 (0.774-0.807)

0.863 (0.837-0.885)
0.921 (0.900-0.938)
0.824 (0.796-0.849)
0.707 (0.674-0.738)
0.829 (0.815-0.841)
0.833 (0.805-0.857)
0.864 (0.839-0.886)
0.902 (0.879-0.921)
0.840 (0.813-0.864)
0.860 (0.847-0.871)
0.909 (0.887-0.927)
0.923 (0.903-0.940)
0.943 (0.925-0.957)

0.925 (0.914-0.935)

0.948 (0.935-0.958)

0.801 (0.780-0.820)
0.741 (0.718-0.762)
0.796 (0.774-0.815)
0.932 (0.918-0.944)
0.817 (0.807-0.827)
0.842 (0.823-0.860)
0.800 (0.779-0.819)
0.832 (0.812-0.850)
0.887 (0.870-0.902)
0.840 (0.831-0.849)
0.912 (0.896-0.925)
0.952 (0.940-0.962)
0.903 (0.887-0.917)

0.922 (0.914-0.930)

0.882 (0.865-0.897)
0.885 (0.868-0.901)
0.938 (0.925-0.949)
0.947 (0.934-0.957)
0.913 (0.906-0.920)
0.914 (0.899-0.927)
0.877 (0.860-0.893)
0.847 (0.827-0.864)
0.917 (0.902-0.930)
0.889 (0.881-0.896)
0.930 (0.916-0.942)
0.966 (0.955-0.974)
0.948 (0.935-0.958)

0.948 (0.941-0.954)

0.960 (0.951-0.967)

0.667 (0.648-0.686)
0.660 (0.640-0.679)
0.672 (0.653-0.691)
0.726 (0.707-0.744)
0.681 (0.672-0.691)
0.753 (0.735-0.770)
0.748 (0.730-0.766)
0.760 (0.742-0.777)
0.789 (0.772-0.805)
0.763 (0.754-0.771)
0.869 (0.855-0.882)
0.889 (0.875-0.901)
0.871 (0.857-0.885)

0.877 (0.869-0.884)

0.875 (0.861-0.888)
0.898 (0.885-0.909)
0.899 (0.886-0.910)
0.864 (0.849-0.877)
0.884 (0.877-0.890)
0.886 (0.872-0.898)
0.873 (0.858-0.886)
0.866 (0.851-0.879)
0.890 (0.877-0.902)
0.879 (0.872-0.885)
0.923 (0.911-0.933)
0.951 (0.941-0.959)
0.946 (0.936-0.955)

0.940 (0.934-0.945)

0.909 (0.888-0.927)

0.527 (0.488-0.566)
0.511 (0.476-0.545)
0.535 (0.497-0.573)
0.727 (0.679-0.770)
0.554 (0.534-0.574)
0.664 (0.628-0.698)
0.634 (0.600-0.666)
0.665 (0.630-0.698)
0.741 (0.706-0.773)
0.673 (0.656-0.690)
0.826 (0.798-0.852)
0.895 (0.870-0.916)
0.817 (0.788-0.842)

0.844 (0.828-0.858)

0.796 (0.768-0.821)
0.811 (0.784-0.835)
0.877 (0.851-0.898)
0.877 (0.849-0.900)
0.836 (0.822-0.848)
0.838 (0.811-0.862)
0.790 (0.761-0.815)
0.758 (0.730-0.784)
0.843 (0.816-0.867)
0.805 (0.791-0.818)
0.874 (0.850-0.895)
0.935 (0.916-0.950)
0.906 (0.884-0.924)

0.905 (0.892-0.916)

0.991 (0.984-0.995)

0.720 (0.698-0.741)
0.739 (0.716-0.760)
0.728 (0.706-0.749)
0.726 (0.705-0.745)
0.728 (0.717-0.738)
0.792 (0.771-0.811)
0.812 (0.791-0.831)
0.807 (0.786-0.826)
0.808 (0.788-0.826)
0.804 (0.794-0.814)
0.891 (0.874-0.905)
0.886 (0.870-0.901)
0.900 (0.884-0.915)

0.892 (0.883-0.901)

0.924 (0.909-0.936)
0.954 (0.942-0.964)
0.909 (0.894-0.922)
0.858 (0.841-0.874)
0.909 (0.902-0.916)
0.911 (0.896-0.925)
0.924 (0.909-0.936)
0.942 (0.928-0.953)
0.915 (0.900-0.928)
0.922 (0.915-0.929)
0.951 (0.938-0.961)
0.959 (0.948-0.968)
0.969 (0.959-0.977)

0.960 (0.954-0.965)

PPV: positive predictive value. NPV: negative predictive value.
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Extended Data Table 4 | Results of retrospective real-world study (top) and prospective comparative study (bottom)

RW 1 cohort
FAHZU

RW 2 cohort 1
FAHZU

RW 2 cohort 2
SCH

RW 2 cohort 3
QPH

Sensitivity (95% CI)
Original model

Sensitivity (95% CI)
Upgraded model

Specificity (95% CI)
Original model

Specificity (95% CI)
Upgraded model

AUC (95% CI)
Original model

AUC (95% CI)

0.818 (0.680-0.905)

0.994 (0.993-0.995)

0.906 (0.849-0.963)

0.826 (0.720-0.898)

0.942 (0.860-0.977)

0.990 (0.989-0.991)

0.992 (0.991-0.993)

0.908 (0.858-0.925)

0.967 (0.938-0.989)

0.731 (0.539-0.863)

0.923 (0.759-0.979)

0.995 (0.994-0.996)

0.991 (0.990-0.992)

0.863 (0.767-0.940)

0.957 (0.899-0.996)

0.782 (0.581-0.903)

0.913 (0.732-0.976)

0.991 (0.990-0.992)

0.993 (0.992-0.994)

0.887 (0.800-0.953)

0.953 (0.888-0.997)

Upgraded model
Group A Group A Group B Group B iAorta
IR Radiologist RR Radiologist IR Radiologist + AI ~ RR Radiologist + Al
Sensitivity (95% CI)  0.214 (0.076-0.476)  0.429 (0.214-0.674)  0.786 (0.524-0.924)  0.857 (0.601-0.960)  0.857 (0.601-0.960)
Specificity (95% CI)  0.983 (0.981-0.985)  0.989 (0.987-0.990)  0.991 (0.989-0.992)  0.990 (0.989-0.992)  0.992 (0.990-0.993)

FAHZU, the First Affiliated Hospital of Zhejiang University School of Medicine; QPH, Quzhou People’s Hospital; SCH, Shaoxing Central Hospital; AUC, Area Under the Curve; IR Radiologist,

initial reporting radiologist; RR Radiologist, report reviewing radiologist; Group A, the radiologist team, consisting of the IR radiologist and the RR radiologist, independently evaluate images

in a sequential manner, mirroring the current clinical workflow; Group B, the radiologist team evaluate images assisted by iAorta system.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed
IZ The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

< The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

[ ] Adescription of all covariates tested
|:| A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

|X’ A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
N Gjve P values as exact values whenever suitable.

|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

|:| For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

XXX [0 0 XX [OOOS

|:| Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  Dicom files were handled with the open source libraries Pydicom (https://pydicom.github.io/, version 2.2.2), SimplelTK (https://simpleitk.org/,
version 2.0.2), and NiBabel (https://nipy.org/nibabel/, version 3.2.1). Custom Python (version 3.9.7) script was developed for data de-
identification.

Data analysis The code used for the implementation of our model has dependencies on internal tooling and infrastructure, is under patent protection
(application numbers: CN 202311181343.8), and thus is not feasible to be publicly released. All experiments and implementation details are
described in sufficient detail in the Methods and Supplementary Methods sections to support replication with non-proprietary libraries.
Several major components of our work are available in open-source repositories: PyTorch (https://pytorch.org/); nnUNet(https://github.com/
MIC-DKFZ/nnUNet). Data analysis was conducted in Python using the numpy (version 1.20.3), scipy (version 1.8.1), and scikit-learn (version
0.24.2) packages.

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
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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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 sample data and an interactive demonstration are provided at https://iaorta.medofmind.com/. The remaining datasets used in this study are currently not
permitted for public release by the respective institutional review boards (IRBs). Data requests pertaining to the study may be made to the first author (Yujian Hu;
huyujian@zju.edu.cn). Access will be granted subject to IRB approval, a signed data-use agreement and will be for noncommercial academic purposes only. All data
provided were anonymized to protect the privacy of the patients who participated in the studies, in line with applicable laws and regulations. Requests will be
processed within 6 weeks.

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 Sex was assigned based on the government-issued ID. The datasets used in the internal training and validation cohorts, the
external multi-center validation cohorts, the retrospective large-scale real world cohorts and the prospective multi-center
cohorts have sex distributions reported in the paper. Sex-based analysis was not reported because sex was unrelated to
model implementation or deployment. Self-identification gender was not collected from the patients.

Reporting on race, ethnicity, or Race, ethnicity, and other socially relevant groupings were not collected from the patients and were unrelated to model

other socially relevant implementation or deployment.
groupings
Population characteristics The retrospective study (stage |, Il, Ill) included thirteen patient cohorts: an internal training cohort, an internal validation

cohort, seven external multi-center validation cohorts, and four large-scale real-world cohorts.

The internal training cohort (median age 58 years [IQR 48-69]), the internal validation cohort (median age 59 [IQR 54-67]),
and the large-scale real-world cohorts (RW1: median age 43 [IQR 36-50]); RW2-1: median age 44 [IQR 38-52]) were collected
from the internal center in Zhejiang, China (First Affiliated Hospital of Zhejiang University School of Medicine [FAHZU]). The
external validation cohorts were collected from seven centers: the external cohort 1 (median age 60 [IQR 50-71]) from
Nanjing Drum Tower Hospital [NDTH]; the external cohort 2 (median age 63 [IQR 56-68]) from Shandong Provincial Hospital
Affiliated to Shandong First Medical University [SPH]; the external cohort 3 (median age 62 [IQR 57-65]) from Taizhou
Hospital of Zhejiang Province [TZH]; the external cohort 4 (median age 62 [IQR 54-66]) from First Affiliated Hospital of
Wenzhou Medical University [FAHWMU]J; the external cohort 5 (median age 59 [IQR 52-65]) from Ningbo No.2 Hospital
[N2H]; the external cohort 6 (median age 61 [IQR 54-69]), and the large-scale real-world cohort (RW2-3: median age 50 [IQR
44-56]) from Quzhou People’s Hospital [QPH]; the external cohort 7 (median age 54 [IQR 49-60]), and the large-scale real-
world cohort (RW2-2: median age 46 [IQR 36-57]) from Shaoxing Central Hospital [SCH]. For all patients included in the multi-
center validation cohort and real-world clinical cohort, additional metadata for data characteristic was available, including
patient age and sex. Further details are provided in the extended data.

The prospective study (stage IV) included two patient cohorts: a comparative study cohort, and a pilot deployment study
cohort.

The comparative study cohort (median age 43 [IQR 31-60]) were collected from First Affiliated Hospital of Zhejiang University
School of Medicine [FAHZU], Quzhou People’s Hospital [QPH], and Shaoxing Central Hospital [SCH]. The pilot deployment
study cohort (median age 56 [IQR 39-69]) were collected from Shanghai Changhai Hospital [SHCH]. For all patients included
in the prospective study, additional metadata for data characteristic was available, including patient age and sex. Further
details are provided in the extended data.

Recruitment The inclusion criteria of retrospective study (stage I, I1) were consecutive adult patients (age > 18 years) who had undergone
aortic CTA examination. We excluded patients if their aortic CTA scans did not include both non-contrast and arterial phase
series, if they were diagnosed as aortic stent implantation or traumatic aortic injury, or if their images exhibited severe
motion artifacts.

The internal training cohort included 3,350 patients (1,265 AAS including 296 Stanford type A aortic dissection [TAAD], 341
Stanford type B aortic dissection [TBAD], 321 intramural hematoma [IMH], and 307 penetrating atherosclerotic ulcer [PAU];
2,085 non-AAS), who had been treated between January 2016 to December 2020 at the First Affiliated Hospital of Zhejiang
University School of Medicine (FAHZU), China. Consecutive patients confirmed by aortic computed tomography angiography
(CTA) examination were included. All cases had preoperative multi-phase CT images acquired by Philips, Siemens, Toshiba, or
Vital scanners.

The internal validation cohort included 2,287 patients (795 AAS including 188 TAAD, 248 TBAD, 203 IMH, and 156 PAU; 1,492
non-AAS), who had been treated between January 2021 to December 2022 at FAHZU. Consecutive patients confirmed by
aortic computed tomography angiography (CTA) examination were included. All patients took multi-phase CT including non-
contrast and arterial.
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In the multi-center validation cohorts, we used the same filtering strategy as for the external validation cohorts 1-7 to obtain
valid aortic CTA cases. The arterial phase series were used as the gold standard for diagnosing AAS, while the non-contrast
phase series were used for model validation. External cohort 1: we screened 6,806 consecutive cases who underwent aortic
CTA examination between January 2020 to December 2022 at Nanjing Drum Tower Hospital (NDTH). 3,519 patients were
excluded (28 missing non-contrast series in the aortic CTA scans, 3,474 post-aortic stent implantation, 7 traumatic aortic
injury, and 10 low image quality), which created external cohort 1 comprising 3,287 patients (1,296 AAS including 234 TAAD,
467 TBAD, 335 IMH and 260 PAU, and 1,991 non-AAS). External cohort 2: we screened 3,376 consecutive cases who
underwent aortic CTA examination between January 2018 to December 2022 at Shandong Provincial Hospital Affiliated to
Shandong First Medical University (SPH). 1,025 patients were excluded (16 missing non-contrast series in the aortic CTA
scans, 985 post-aortic stent implantation, 11 traumatic aortic injury, and 13 low image quality), which created external
validation cohort 2 comprising 2,351 patients (980 AAS including 242 TAAD, 254 TBAD, 249 IMH and 235 PAU, and 1,371 non-
AAS). External cohort 3: we screened 2,080 consecutive cases who underwent aortic CTA examination between January 2016
to December 2023 at Taizhou Hospital of Zhejiang Province (TZH). 513 patients were excluded (26 missing non-contrast
series in the aortic CTA scans, 465 post-aortic stent implantation, 13 traumatic aortic injury, and 9 low image quality), which
created external validation cohort 3 comprising 1,567 patients (563 AAS including 104 TAAD, 128 TBAD, 165 IMH and 166
PAU, and 1,004 non-AAS). External cohort 4: we screened 6,443 consecutive cases who underwent aortic CTA examination
between January 2018 to December 2022 at the First Affiliated Hospital of Wenzhou Medical University (FAHWMU). 1,869
patients were excluded (43 missing non-contrast series in the aortic CTA scans, 1,786 post-aortic stent implantation, 19
traumatic aortic injury, and 21 low image quality), which created external validation cohort 4 comprising 4,574 patients
(1,918 AAS including 413 TAAD, 586 TBAD, 485 IMH and 434 PAU, and 2,656 non-AAS). External cohort 5: we screened 3,167
consecutive cases who underwent aortic CTA examination between January 2019 to December 2023 at Ningbo No.2 Hospital
(N2H). 798 patients were excluded (9 missing non-contrast series in the aortic CTA scans, 769 post-aortic stent implantation,
4 traumatic aortic injury, and 16 low image quality), which created external validation cohort 5 comprising 2,369 patients
(591 AAS including 107 TAAD, 153 TBAD, 171 IMH and 160 PAU, and 1,778 non-AAS). External cohort 6: we screened 3,900
consecutive cases who underwent aortic CTA examination between January 2019 to December 2023 at Quzhou People’s
Hospital (QPH). 885 patients were excluded (68 missing non-contrast series in the aortic CTA scans, 797 post-aortic stent
implantation, 11 traumatic aortic injury, and 9 low image quality), which created external validation cohort 6 comprising
3,015 patients (850 AAS including 172 TAAD, 216 TBAD, 247 IMH and 215 PAU, and 2,165 non-AAS). External cohort 7: we
screened 1,665 consecutive cases who underwent aortic CTA examination between January 2019 to December 2023 at
Shaoxing Central Hospital (SCH). 365 patients were excluded (26 missing non-contrast series in the aortic CTA scans, 315
post-aortic stent implantation, 5 traumatic aortic injury, and 19 low image quality), which created external validation cohort
7 comprising 1,300 patients (297 AAS including 71 TAAD, 101 TBAD, 66 IMH and 59 PAU, and 1,003 non-AAS).

For the retrospective, real-world study (stage Ill), consecutive outpatients older than 18 years of age who presented to the
ED were eligible if their principal complaint was non-traumatic acute chest pain that had begun within the previous 14 days.
Here, chest pain referred to more than pain in the chest; pain, pressure, tightness, or discomfort in the chest, shoulders,
arms, neck, back, upper abdomen, or jaw, as well as shortness of breath and fatigue, were considered equivalent symptoms
of acute chest pain18. We excluded patients whose initial diagnosis was AAS, patients who did not undergo CT examinations
that included the aorta (for example, non-contrast chest CT, non-contrast abdominal CT, pulmonary CTA, coronary CTA,
esophageal CT, lumbar CT or thoracic CT) and patients whose CT images were compromised by severe motion artifacts,
leading to low image quality. The initial diagnosis by emergency clinicians was based on their preliminary investigations (age,
risk factors, history, pain characteristics, findings on physical examination, ECG and some laboratory tests).

We collected four cohorts (real-world 1 [RW1], real-world 2-1 [RW2-1] at FAHZU; real-world 2-2 [RW2-2] at SCH; real-world
2-3 [RW2-3]) at QPH. The RW1 was based on the real-world, retrospective cohort at the FAHZU. We consecutively enrolled
36,422 patients who presenting to the ED to assess for eligibility between 1 January and 31 December at 2021. A total of
15,590 patients (364 patients whose initial diagnosis was AAS, 15,132 patients who did not undergo CT examinations, and 94
patients with low-quality images) were excluded. The RW1 cohort comprised 23,094 non-contrast CT images (44 AAS images,
23,050 non-AAS images) of 20,832 individuals (32 AAS individuals, 20,800 non-AAS individuals). A total of 828 patients had
two or more different non-contrast CT images. The RW2 was based on the real-world, multi-center, retrospective cohorts at
the FAZHU (RW2-1), SCH (RW2-2) and QPH (RW2-3). In total, 122,107 non-contrast CT images (118 AAS images, 121,989 non-
AAS images) of 116,693 consecutive individuals with acute chest pain (89 AAS individuals, 116,604 non-AAS individuals) were
included in the RW2. RW2-1: We consecutively enrolled 119,179 patients who presenting to the ED in the FAZHU to assess
for eligibility between 1 January 2022 and 31 December 2023. A total of 46,819 patients (1,112 patients whose initial
diagnosis was AAS, 45,472 patients who did not undergo CT examinations, and 235 patients with low-quality images) were
excluded. The cohort 1 comprised 76,582 non-contrast CT images (69 AAS images, 76,513 non-AAS images) of 72,360
individuals (52 AAS individuals, 72,308 non-AAS individuals). A total of 3,810 patients had two or more different non-contrast
CT images. RW2-2: We consecutively enrolled 41,052 patients who presenting to the ED in the SCH to assess for eligibility
between 1 January 2021 and 31 December 2023. A total of 17,248 patients (604 patients whose initial diagnosis was AAS,
16,528 patients who did not undergo CT examinations, and 116 patients with low-quality images) were excluded. The cohort
2 comprised 24,365 non-contrast CT images (26 AAS images, 24,339 non-AAS images) of 23,804 individuals (21 AAS
individuals, 23,783 non-AAS individuals). A total of 553 patients had two or more different non-contrast CT images. RW2-3:
We consecutively enrolled 35,289 patients who presenting to the ED in the QPH to assess for eligibility between 1 January
2021 and 31 December 2023. A total of 14,760 patients (543 patients whose initial diagnosis was AAS, 14,125 patients who
did not undergo CT examinations, and 92 patients with low-quality images) were excluded. The cohort 3 comprised 21,160
non-contrast CT images (23 AAS images, 21,137 non-AAS images) of 20,529 individuals (16 AAS individuals, 20,513 non-AAS
individuals). A total of 623 patients had two or more different non-contrast CT images.

For the prospective study (stage 1V), consecutive outpatients older than 18 years of age who presented to the ED were
eligible if their principal complaint was non-traumatic acute chest pain that had begun within the previous 14 days. Here,
chest pain referred to more than pain in the chest; pain, pressure, tightness, or discomfort in the chest, shoulders, arms,
neck, back, upper abdomen, or jaw, as well as shortness of breath and fatigue, were considered equivalent symptoms of
acute chest pain18. We excluded patients whose initial diagnosis was AAS, patients who did not undergo CT examinations
that included the aorta (for example, non-contrast chest CT, non-contrast abdominal CT, pulmonary CTA, coronary CTA,
esophageal CT, lumbar CT or thoracic CT), patients who were unwilling to participate in the study, patients who were
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inadequate for follow-up and patients whose CT images were compromised by severe motion artifacts, leading to low image
quality. The initial diagnosis by emergency clinicians was based on their preliminary investigations (age, risk factors, history,
pain characteristics, findings on physical examination, ECG and certain laboratory tests).

As for the comparative study cohort, we consecutively enrolled 23,567 patients who presented to the ED at the FAZHU, QPH
and SCH for eligibility assessment between 20 August 2024 and 19 November 2024. A total of 9,721 (41.2%) patients were
excluded from the study because of initial diagnosis as AAS (383 patients); no undergo CT examinations (9,021 patients);
refusal to participate in the study (71 patients); unavailability for follow-up (207 patients); low-quality images (39 patients).
The cohort ultimately comprised 13,846 individuals (11 with AAS individuals and 13,835 with non-AAS) with 14,436 non-
contrast CT images (14 AAS images and 14,422 non-AAS images). As for the pilot development study cohort, this study is an
ongoing, single-arm, prospective study. Between 20 December 2024 and 28 February 2025, we screen 28,151 acute chest
pain patients who presented to the ED at the SHCH. A total of 12,567 (44.6%) patients were excluded from the study because
of initial diagnosis as AAS (450 patients); no undergo CT examinations (11,912 patients); refusal to participate in the study (46
patients); unavailability for follow-up (127 patients); low-quality images (32 patients). The present cohort comprised 15,584
individuals (22 with AAS individuals and 15,562 with non-AAS) with 16,054 non-contrast CT images (22 AAS images and
16,032 non-AAS images).

Ethics oversight The collection of the patient datasets in each cohort was approved by the Institutional Review Board (IRB) at each institution.
Informed consent was waived for retrospectively collected CT images and clinical information, and written informed consent
was obtained from patients whose CT examinations, clinical information and follow-up records were prospectively collected.
The following review boards were used for each dataset: FAHZU: First Affiliated Hospital of Zhejiang University School of
Medicine IRB, NDTH: Nanjing Drum Tower Hospital IRB, SPH: Shandong Provincial Hospital IRB, TZH: Taizhou Hospital of
Zhejiang Province IRB, FAHWMU: First Affiliated Hospital of Wenzhou Medical University IRB, N2H: Ningbo No.2 Hospital IRB,
QPH: Quzhou People’s Hospital IRB, SCH: Shaoxing Central Hospital IRB, SHCH: Shanghai Changhai Hospital IRB. Before model
training, validation, and reader study, all data underwent de-identification processes. The investigators followed the
requirements of the Declaration of Helsinki throughout the study.
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Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Sample size The internal training cohort includes 3,350 patients. We apply 5-fold cross validation where each fold randomly selected 80% for training and
20% for the validation purpose. This scheme follows machine learning convention for model tuning and hyperparameter selection.

The internal validation cohort includes 2,287 patients, which is independent from the training cohort. The size was selected due to time and
budgetary constraints for the reader study on the same data, while maintaining sufficient positive and negative patients to power statistical
comparisons on the metric of sensitivity, specificity, and accuracy. The external validation cohorts include 18,463 patients is a larger
independent test set and include a more representative population.

Data exclusions  As for multi-center model validation, patients who comply one or more of the following criteria were excluded from studies: (1) patients’
aortic CTA scans did not include both non-contrast and arterial phase series; (2) patients with aortic stent implantation; (3) patients with
traumatic aortic injury; (4) patients with low image quality due to severe motion artifacts.

Replication All attempts at replication were successful. The performance of our model was consistent across the internal center and 7 external centers
across equipment manufacturer (GE, Philips, Siemens, Toshiba, and United Imaging Healthcare CT scanners). In the reader study, comparison

between our model and human performance revealed consistent trend.

Randomization  For the dataset in the internal training cohort and the internal validation cohort, patients were randomly assigned into training and validation
splits. In the internal training cohort, patients were randomly assigned to training and validation in the process of the cross-validation.

Blinding In the reader study, readers were blinded to aortic CTA results and other clinical information. Readers were also blinded to the data
collection, exact ratio of the positive patients, and blinded to other readers.
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Materials & experimental systems Methods

Involved in the study n/a | Involved in the study
Antibodies |Z |:| ChiIP-seq
Eukaryotic cell lines |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging
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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  ChiCTR(chictr.org.cn): ChiCTR2400088472, ChiCTR2400094192

Study protocol ChiCTR clinical trial protocols:
https://www.chictr.org.cn/showproj.html?proj=233198, https://www.chictr.org.cn/showproj.html?proj=253622

Data collection In the prospective comparative study, participants were recruited between August 20, 2024 and November 19, 2024, at 3
participating hospitals in China: First Affiliated Hospital of Zhejiang University School of Medicine [FAHZU], Quzhou People’s Hospital
[QPH], and Shaoxing Central Hospital [SCH]. In the prospective pilot deployment study, participants were recruited from December
20, 2024 to February 28, 2025 at Shanghai Changhai Hospital [SHCH] in China.

Qutcomes The primary outcomes were the sensitivity, and specificity of the iAorta system. The secondary outcome was diagnosis time (patient
benefit) of AAS patients through the iAorta system under real-world clinical scenarios.

Plants

Seed stocks n/a

Novel plant genotypes  n/a

Authentication n/a
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