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Elysium is a mythical place that means a state of bliss or a place of perfect happiness



实验室名称

0-Current Status of Cancer Screening

Currently, WHO and internationally recognized clinical standards have standardized recommended screening 

methods for only four types of cancer/premalignant lesions, which are also eligible for insurance reimbursement.

1. Lung Cancer/Pulmonary Nodules: Low-Dose Chest CT (LDCT) for high-risk populations such as smokers and 

individuals with a family history, recommended annually or biennially.

2. Breast Cancer: Mammography for women aged 40 and older or those with a family history, recommended 

annually or biennially.

3. Cervical Cancer: Pap Smear, a medical procedure for screening cervical cancer in women, requires the collection 

of cervical cells.

4. Colorectal Cancer/Colonic Polyps: Colonoscopy, starting at age 40-45 for men and 45 for women, 

recommended every two years.

Other cancers: Although numerous clinical studies exist, the information is inconsistent, and there is currently no 

universal standard of care, hence no screenings are recommended at this time.



实验室名称
1-MCED Liquid Biopsy?

MCED (Multi-Cancer Early Detection) liquid biopsy encountered an increasing number of difficulties in early multi-cancer 

screening over nearly 20 years of development, many of which currently seem insurmountable. Why? (Note: This is based on 

my understanding from the literature, and there are ongoing debates)

• Blood tests measuring ctDNA and protein sequencing have a low signal-to-noise ratio, or even a very low ratio. “Because the tissue being sampled is blood, hematologic 

cancer signals are disproportionately detected. Developers have had to work hard to more stringently exclude cancer like hematologic signals.” [2]

• For the patient groups that may benefit the most, such as those in the surgically resectable stages (T1, T2), the sensitivity of MCED screening is low, with literature 

suggesting it is only about 13% to 40%, depending on the type of cancer. “ the most commonly detected solid tumors are late-stage or recurrent cancers. ” [2]

• Patients who test positive cannot be confirmed or diagnosed effectively, leading to challenges in follow-up; there is a high rate of false positives, which imposes a societal 

burden and causes anxiety in the general population. “Most patients with a positive test result do not have a cancer identified. This is typical of screening: The low 

prevalence of cancer means positive tests are less likely to represent clinically relevant disease and more likely to represent false-positive results or overdiagnosis. ” [2]

• Due to intrinsic issues with the computational and biological mechanisms, MCED is fundamentally a problematic issue that AI cannot resolve (GRAIL's Galleri product is 

based on AI computation [6]). Additionally, the generalizability across multiple centers and locations is poor; cancer targets can change over time and cannot be captured 

in a timely manner, which adds another layer of complexity to the problem.

[1] Questions Swirl Around Screening for Multiple Cancers With a Single Blood Test, https://jamanetwork.com/journals/jama/fullarticle/2816615 JAMA

[2] Assessing the Clinical Utility of Liquid Biopsies Across 5 Potential Indications From Therapy Selection to Population Screening, https://jamanetwork.com/journals/jamainternalmedicine/article-abstract/2808647 JAMA

[3] Deploying blood-based cancer screening, https://www.science.org/doi/10.1126/science.adk1213?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%20%200pubmed Science

[4] Why are so many young people getting cancer? What the data say https://www.nature.com/articles/d41586-024-00720-6#:~:text=The%20prominence%20of%20gastrointestinal%20cancers,contributing%20to%20rising%20case%20rates. 

Nature

[5] Blood Test for Multicancer Detection in Symptomatic Individuals, https://ascopubs.org/doi/10.1200/PO.23.00305 JCO, most authoritative journal in oncology

[6] Performance of a Cell-Free DNA-Based Multi-cancer Detection Test in Individuals Presenting With Symptoms Suspicious for Cancers, https://ascopubs.org/doi/10.1200/PO.22.00679 JCO Precision Oncology JCO

https://jamanetwork.com/journals/jama/fullarticle/2816615
https://jamanetwork.com/journals/jamainternalmedicine/article-abstract/2808647
https://www.science.org/doi/10.1126/science.adk1213?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%20%200pubmed
https://www.nature.com/articles/d41586-024-00720-6#:~:text=The%20prominence%20of%20gastrointestinal%20cancers,contributing%20to%20rising%20case%20rates
https://ascopubs.org/doi/10.1200/PO.23.00305
https://ascopubs.org/doi/10.1200/PO.22.00679


实验室名称

2-Using Imaging Means for (Early) Cancer Screening

(Early) cancer screening can be effective if the following three conditions are fully met:

1. Enhanced CT, Enhanced MRI, preferably PET-CT, or PET-MRI.

2. Tumor markers (at least CA199; if financial conditions allow, it's best to screen for major digestive system 

tumor markers: CA199, CEA, CA125, CA19-9, AFP, CA724) & more...

3. Specialized radiology and surgical oncologists with rich experience in interpreting images and 

scientifically managing patient follow-ups.

[1] https://www.q.bio/ “We collect blood, vitals and urine, and perform a whole-body MRI from which extensive quantitative data is derived by our Anatomical Foundation Model. This is all seamlessly combined with your medical history, lifestyle 

and other data to create your Gemini Digital Twin Dashboard — the most comprehensive view of your health and risks available today.”

[2] https://humanlongevity.com/ Human Longevity Inc. healthnucleus100plus.com https://www.youtube.com/watch?v=QwS-b-stG7o&t=223s

[3] https://rossdawson.com/futurist/companies-creating-future/top-11-longevity-companies-life-extension-immortality/

[4] CancerUniT: Towards a Single Unified Model for Effective Detection, Segmentation, and Diagnosis of Eight Major Cancers Using a Large Collection of CT Scans. ICCV 2023: 21270-21281

[5] Devil is in the Queries: Advancing Mask Transformers for Real-world Medical Image Segmentation and Out-of-Distribution Localization. CVPR 2023: 23879-23889

https://www.q.bio/
https://humanlongevity.com/
https://www.youtube.com/watch?v=QwS-b-stG7o&t=223s
https://rossdawson.com/futurist/companies-creating-future/top-11-longevity-companies-life-extension-immortality/
https://dblp.org/db/conf/iccv/iccv2023.html#ChenXYYZ0WZQYYF23
https://dblp.org/db/conf/cvpr/cvpr2023.html#YuanXDCYQYYSCL023


实验室名称

3. Do we have a (new) way out? 

Do we have an early cancer screening solution that is affordable for ordinary 
people, very effective, and easily accessible?

❖“8+5”multi-cancer and chronic disease screening 

using non-contrast CT 

❖ via“AI + Cloud Computing”

Attempt to solve the "impossible trinity" problem in healthcare



Multi-cancer Early Screening with Non-contrast CT and Deep Learning 

Cancer Screening and 
Precision Diagnosis

Precision Radiotherapy and 
Prognosis for Cancers

Pancreatic 
Cancer

Esophageal 
Cancer

Lung 
Cancer

Liver 
Cancer

Gastric 
Cancer

Breast 
Cancer

Colorectal Cancer

Kidney 
Cancer

Complete Solution for Identification
of benign and malignant lymph
nodes + Segmentation of lymph
nodes

Auto-delineation of target volumes
and organs covering more than 200
target volumes and organs at risk

AI + Non-contrast CT Technology helps to Achieve 
Detection of Multiple Cancers in the Early Stages

Esophagus

Lung

Breast

Liver

Stomach

Colon

Pancreas

• Technological Breakthroughs: For the first time in the world 
that a single CT scan could be used to screen for multiple 
cancers and diseases.

• Over 10 million times of usage
• 30 Papers & 60 Patents



Multi-cancer Early Screening with Non-contrast CT and Deep Learning 



(1) Pancreatic cancer screening using 
non-contrast CT with AI

Real-world validation in a 
health check population
revealed a sensitivity of 

84.6%, specificity of 
99.0%, and a positive 

predictive value of 56%.

Among hospitalized 
patients, the sensitivity 
was highest at 88.6%, 

The positive predictive 
value (PPV) for 

opportunistic screening 
in hospitalized and 

emergency patients was 
between 0.75 and 0.85.

A multidisciplinary team 
(MDT) found that 51% 
(80 out of 156) of the 

false positives were due 
to peripancreatic 

diseases.

The adjusted specificity 
for tumor detection was 
99.5%, and the adjusted 
specificity for identifying 

PDAC was 99.9%.

Large-scale pancreatic cancer detection via non-contrast CT and deep learning, 
Nature Medicine, volume 29, pages: 3033–3043 (2023)



(1) Validation – Changing Clinical Pancreatic 
cancer screening

Non-contrast CT + AI Real-World Practice

[1] Cao, Xia, Yao, et al., Large-scale pancreatic cancer detection via non-contrast CT and deep learning, Nature Medicine, 
volume 29, pages:3033–3043 (2023)
[2] Kleeff & Ronellenfitsch, AI and imaging-based cancer screening: getting ready for prime time, Nature Medicine, 
volume 29, pages:3002–3003 (2023)

✓The PANDA model detected 26 clinically missed pancreatic lesions [1]
• 1 case of PDAC, 1 case of PNET, 3 cases of IPMNs, 1 case of metastatic cancer, 
6 cases of pancreatitis, 1 case of peripancreatic tumor, and 13 cases of 
SCN/cysts (ranging from 10 to 33 mm). 

• One patient was followed up and underwent contrast-enhanced MRI, 
followed by minimally invasive surgery with the aim of achieving a cure for a 
G1 PNET sized at 1.5 cm [1].

➢With opportunistic screening using the PANDA++ model, one of our 
collaboration hospitals in Shanghai identified five PDAC patients measuring 
2 cm or less among over 6200 consecutive patients (all hospitalized for 
other reasons) within 12 days；

➢16 PDAC patients detected from 24000+ patients with chest CT scans by AI, 
11 of them could be surgically resected, 3 out them already done with 
surgery removal.





(2) CT screening for Esophageal cancer
Hospital A

Hospital B

✓ The sensitivity for stage I esophageal cancer reported by MCED in AO is 12.5%, 

and for stage II is 64.7%. In our results, the sensitivity is 59% for stage I and 90% 

for stage II (with 99.1% specificity).

✓ We are even able to effectively detect T0 (in collaboration with a top hospital in 

Sichuan, China).

✓ From May 8 to July 23, 25,756 patients underwent AI screening for esophageal 
cancer, with 7 cases confirmed by pathology; 97 patients are being followed up.

(MECD)

The doctors were unable to detect esophageal cancer on 3 non-contrast CTs, but 

the model correctly identified it (confirmed by enhanced CT and endoscopy).



（3）Liver cancer screening using 
non-contrast CT

• A screening AUC of 0.99 on the internal testing set with a 

specificity of 99% and sensitivity exceeding 85%. 

• Two real-world validation studies, under a specificity of 99%, 

reporting sensitivities of 87.6%, 78.3%, respectively. 

• From June 14 to July 9, AI screening found 161 positive cases, 

where 155 cases later confirmed by imaging or pathology; six 

positive patients are followed up with 5 malignant tumors.

[1] “Liver Tumor Screening and Diagnosis in CT with Pixel-Lesion-Patient Network”, MICCAI 2023

[2] “A Two-streamed Network Approach for Effective Liver Tumor Screening on Non-Contrast CT using Label Distillation”, 2024

[3] "Improving Liver Tumor Identification in Non-contrast CT Scans using Label Distillation", RSNA 2024

[4] "Automatic Liver Tumor Diagnosis in Contrast-Enhanced CT Scans with Variable Input Phases", RSNA 2024

[5] "Automatic Liver Tumor Screening and Differential Diagnosis in CT Using Pixel-Lesion-Patient Network with Reader Study and External Validation", Oral, RSNA 2023

[6] "Accurate Liver Tumor Detection on Non-contrast CT Scans via Annotation-Efficient Semi-Supervised Learning (#14687)",  RSNA 2022

Reader study 

A case of missed diagnosis of a metastatic tumor based on 

non-contrast CT, 4 months faster than clinical discovery.



（3）Liver tumor diagnosis using contrast-
enhanced CT (8 sub-types)

• Task: On multi-phase enhanced CT, screen for liver tumors (such as those with 

cirrhosis and tumors in other organs)

• If present, differentiate the categories of liver tumors

• Challenges: Differential diagnosis of malignant categories (HCC, ICC, 

metastasis) and detection of subtle lesions.

• In a reader study with 150 samples, accuracy comparable to that of 

experienced physicians.

• Two difficult cases were sent by physicians, with algorithm diagnoses 

similar to those by experienced doctors using MRI.

[1] “LIDIA: Precise Liver Tumor Diagnosis on Multi-Phase Contrast-Enhanced CT via Iterative Fusion and Asymmetric Contrastive Learning”, MICCAI 2024

[2] "Automatic Liver Tumor Diagnosis in Contrast-Enhanced CT Scans with Variable Input Phases", RSNA 2024

[3] "Automatic Liver Tumor Screening and Differential Diagnosis in CT Using Pixel-Lesion-Patient Network with Reader Study and External Validation", Oral, RSNA 2023

AUC HCC ICC Meta Heman FNH Cyst Calc others Average

Internal 0.951 0.850 0.951 0.979 0.970 0.948 0.963 0.874 0.936 

External 0.934 0.857 0.960 0.963 0.946 0.944 0.919 0.619 0.893 

Algorithm Senior doc. Pathology 

Hard

case1

“others” or meta Possibly meta of 

neuroendocrine 

tumor

N/A

Hard 

case2

Meta or ICC ICC or meta ICC

Reader study 8-subtype 

accuracy

Junior radiologist (2 yrs exp) 40.5%

Senior radiologist (16 yrs exp) 75.6%

Our algorithm 75.6%

Case 1

Ground Truth                    Ours

Case 2



Prediction of tumor

Contrast-enhanced

Case #1 TP (T-stage 1)

Prediction of tumor

Case #2 TP (T-stage 2)

Contrast-enhanced

Case #3 TN Case #4 TP

（4）Colorectal Cancer Screening using 
Non-Contrast CT

Sensitivity Specificity 

Chest  CT 72% 99.96%

Abdominal CT 90% 99%

Real world evaluation: From May 8 to July 23, AI 

screening for colon cancer was conducted on 32,739 

patients. Among the positive cases, there were 21 cases 

confirmed by imaging and 39 cases confirmed by 

pathology; there were 56 positive patients still being 

followed up.



（4）Colorectal Cancer Screening using Non-Contrast CT



（5）Gastric Cancer Screening using 
Non-Contrast CT

Real world evaluation: from May 8 to July 23, a total of 34,937 

patients were screened for gastric cancer via AI. Among the positive 

cases, there were 16 cases confirmed by imaging and 43 cases 

confirmed by pathology; there were 131 patients still being followed up.

Sensitivity Specificity 

80% 99.7%



(6) Lung nodule screening and diagnosis 
using non-contrast CT

Other company Internal AUC External AUC

XX-1 0.910 0.795

XX-2 0.969 0.847

Optellum (FDA) 0.921 0.864

陈海泉
胸外科主任

• New capabilities for detecting large lung masses, with a detection 

sensitivity of over 98%.

• Can distinguish between large lung masses and pneumonia.

Lung nodule screening

Lung mass screening 

Differentiating benign and malignant lung 
nodules: best quantitative performance

Currently undergoing clinical multicenter validation and multiple 

scenarios in Shanghai for the differentiation of benign and malignant 

lung nodules.



AUC Sensitivity (%) Specificity (%)

Internal test 0.9686 74.45 99

External test 1 0.9158 52.84 99.78

External test 2 0.9416 63.37 95.8

(7) Breast cancer screening using Non-Contrast CT

Non-standard breast cancer screening model (non-SOC) →Maximizing the clinical value of multi-cancer screening for patients.

• Recall of 80% @ 0.1FPs per Breast under NCT

• In a preliminary reader study conducted on 100 patients with a 

total of 200 breasts, a comparison of the performance 

between doctors and the model was performed. Doctors had 

a low accuracy rate for non-contrast CT breast cancer 

detection (76%), while the model's performance significantly 

outperformed that of the doctors (87%).

• When both the model and Doctor 1 exhibited the same 

sensitivity, the specificity of the model was 20 percentage 

points higher than that of Doctor 1; conversely, when both 

exhibited the same specificity, the model's sensitivity was 15 

percentage points higher. Both doctors had an accuracy rate 

of 76% with high specificity (99%); the model achieved an 

accuracy rate of 87%, which was 11 percentage points higher 

than that of the doctors.



Screening of seven cancers - Cloud API integration 

3D chest / abdominal 

non-contrast CT

Fast organ segmentation 

and localization

Lung
Esop

hagus
Liver

Pan

creas
Breast

Sto

mach
Colon

Organ ROIs

Lung AI

expert
Breast AI

expert

Liver AI

expert

Esophag

us AI

expert

Stomach 

AI

expert

Colon AI

expert

Pancreas 

AI

expert

Segmentation + 

probability fusion

24 organs and 

vessels (<10s)

Expert 

models 

15s/organ

Esophage

al cancer 

prob. 99%

120s per case on a

single GPU

Cancer and other tumor 

probabilities
Tumor segmentation

• Initial version, 2 min/case



(8) Whole-body abnormal lymph node 
screening on non-contrast CT

❑ Lymph nodes are distributed throughout the body. Currently, there are no methods for 
comprehensive screening of abnormal lymph nodes. Existing CT-based detection methods for 
abnormal lymph nodes focus on specific areas, resulting in a high false positive rate and can only 
screen lymph nodes with a short diameter greater than 1 cm (lymph nodes <1 cm have at least a 20-
30% chance of being malignant [1]).

❑ We cover the head and neck, mediastinum, upper abdomen, and pelvis, which are the most common 
sites for cancer metastasis. Previously, the universal lesion detection model [2] showed an average of 
0.5 to 4 false positives when detecting lymph nodes >1 cm, with a detection sensitivity of 71.6%. Our 
method achieves a sensitivity of 77.2% (+5.6%). For lymph nodes larger than 7 mm, the lesion 
detection method has a sensitivity of 61.7%, while our method has a sensitivity of 67.3% (+5.6%).

[1] “Bronchogenic carcinoma: analysis of staging in the mediastinum with CT by correlative lymph node mapping and sampling”, Radiology, 1992

[2] “Learning from multiple datasets with heterogeneous and partial labels for universal lesion detection in CT”, IEEE TMI, 2020

[3] “Effective Lymph Nodes Detection in CT Scans Using Location Debiased Query Selection and Contrastive Query Representation in Transformer”, ECCV 2024

[4] “Slice-Consistent Lymph Nodes Detection Transformer in CT Scans via Cross-slice Query Contrastive Learning”, MICCAI 2024

+6.0
+5.4

+5.3

+5.5

45

55

65

75

85

FP@0.5 FP@1 FP@2 FP@4

LN size > 7mm

MULAN LN-DETR

+5.4
+4.1

+5.2

+7.7



(8) Universal Whole-body Abnormal Lymph Node Detection

[3] Baumgartner, et al. “ndetection: a self-configuring method for medical object detection”, MICCAI, 2021.  

[27] Li, et al. “Mask dino: Towards a unified transformer-based framework for object detection and segmentation”, CVPR, 2023

[60] Yan, et al. “Learning from multiple datasets with heterogeneous and partial labels for universal lesion detection in CT”, IEEE TMI, 2020

[62] Yan et al. “Mulan: multitask universal lesion analysis network for joint lesion detection, tagging, and segmentation”, MICCAI, 2019

❑ Datasets: 7 datasets covering head & neck, mediastinal, abdomen regions with 1000+ 
patients with 10,000+ lymph nodes

❑ LN-DETR substantially outperforms leading detectors in both internal and external testing.

❑ LN-DETR achieves top performance 
on DeepLesion benchmark results

• Propose the first transformer-based universal lymph node detection model – LN-DETR



实验室名称（1）Opportunistic screening for major CVD risk 
using non-contrast CT 

Overall Goal: To achieve an algorithm for opportunistic screening of CVD risk based 

on CT imaging and its productization for major cardiovascular events.

Objectives:

Technical and clinical validation: interpretability, AUC reaching SOTA (>0.85).

Multi-center retrospective validation: retrospective validation

Productization for health check-up scenarios

Progress:

1. Interpretable algorithm, achieving optimal performance across different test 

cohorts.

2. Testing on a data set of 10,000 cases composed of various diseases, with an 

average sensitivity close to 80%.

Testing completed and clinical paper under review

Mastered the performance boundaries of the algorithm and completed the design 

for the algorithm's product interface and output reports.

Xu, et al., “A Joint Representation using Continuous (Deep) and Discrete Features for Cardiovascular 

Disease Risk Prediction on Chest CT Scans”, under review, 2024

Chao, et al., “Deep learning predicts cardiovascular disease risks from lung cancer screening low dose 

computed tomography”, Nature Communications 12 (1), 2963, 2021

Internal NLST cohort



Interpretability and Usability of Medical AI Diagnosis & Collaboration 
with Physicians





实验室名称（2.A）Diagnosis of Acute Aortic Syndrome (AAS)
via non-contrast CT

Overall Goal: To develop a product that completes the clinical diagnostic pathway for AAS, saving lives and 

achieving equitable healthcare.

Stage Goals:

1. Technical and Clinical Validation: Retrospective validation across 8 centers (NPV > 0.98, SEN > 0.95, SPE > 

0.97).

2. Real-World Value Validation: Multi-center verification of time savings in diagnosis, identification of missed 

diagnoses, and enhancement of trainee competency.

3. Prospective validation in tiered Hospital System: Complete prospective multi-center validation covering 

community – county – municipal - provincial hospital levels.

Current Progress:

1. Completed retrospective validation 

2. Conducted a user study (positive patients diagnosed an average of 11 hours earlier, ongoing statistics for 

missed diagnoses show an average SEN of 0.928 and SPE of 0.992). 

Next Steps:

1. Complete the full productization chain including OCR, H5, and algorithm API, followed by deployment in 

prospective hospitals.

2. Conduct a multi-center prospective validation in Zhejiang Province across community – county – municipal -

provincial hospitals over a duration of 1 year.

Hu, Xiang, Zhou, et al., Rapid and Accurate Diagnosis of Acute Aortic Syndrome using Non-contrast CT: A 

Large-scale, Retrospective, Multi-center and AI-based Study. CoRR abs/2406.15222 in revision, (2024)

Cohort 1

Zheyi

Cohort 2

Shaoxing

Cohort 3

Quzhou

Sensitivity

(DeepAAS)
0.947 0.923 0.913

Specificity

(DeepAAS)
0.990 0.991 0.993

Our Product's Position in the Clinical Pathway (highlighted in orange)

User study validates our value in equitable access

Real-world verification involving 110,000 individuals across 3 centers

https://arxiv.org/pdf/2406.15222


实验室名称
（2.B）Pulmonary Embolism (PE) Diagnosis using Non-Contrast CT

Overall Goal: To achieve precise PE diagnosis based on CT, complementing 

the solution for chest pain triad with AAS.

Stage Goals:

1. Technical and Clinical Validation: Approach the sensitivity (SEN) and 

specificity (SPE) of CTA, which are 0.969 and 0.996 respectively, using non-

contrast CT scans.

2. Multi-Center Retrospective Validation: Conduct validation, completing a 

major clinical paper.

3. Prospective validation in tiered Hospital System: Complete prospective 

multi-center validation covering community – county – municipal - provincial 

hospital levels.

Current Progress:

1. Completed technical and clinical validation on a secondary vessel dataset, 

with the manuscript accepted by MICCAI 2024.

2. Ongoing construction of a large cohort with big data from hospital for 

level three and lower vessels, alongside iterative improvements to the 

model's segmentation capabilities.

Our algorithm (CPMN）

Validation of CPMN on Zheyi dataset

[1] Bai, Zhou, et al., “Cross-Phase Mutual Learning Framework for Pulmonary Embolism Identification on Non-Contrast CT Scans”, early accept,  MICCAI 2024



User study results and visualization



▪ Products for screening steatosis based on non-

contrast CT serve a broad patient population

▪ Products for cirrhosis screening based on non-

contrast CT, as well as esophageal varices 

screening for the cirrhotic population

（3）Chronic liver diseases: steatosis (fatty liver), cirrhosis, and esophageal varices

[1] “Effective Opportunistic Hepatic Steatosis Screening Using Imaging and Non-

Imaging Cues via Robust Multi-modal Learning”, 2024

[2] “Improved Esophageal Varices Assessment on Non-Contrast CT Scans”, 

MICCAI 2024

Bowen Li, et al., Accurate and Generalizable Quantitative Scoring of Liver 

Steatosis from Ultrasound Images via Scalable Deep Learning, YIA Sliver 

Medal, AFSUMB 2021 Conventional grayscale ultrasound diagnosis surpasses 

elastographic ultrasound (Software Medical Device - Hardware Medical Device). A 

Computer Science Ph.D. candidate received the Young Scientist Award/Silver 

Award at the 2021 Asian Ultrasound Congress.

Bowen Li, et al., Accurate and Reliable Liver Steatosis Assessment From 

Conventional Ultrasound Images Trained With Subjective Ratings, 

Scientific Oral, RSNA 2021

Bowen Li, et al., Learning from Subjective Ratings Using Auto-Decoded Deep 

Latent Embeddings. (early accept, MICCAI Student Travel Award, ORAL) 

MICCAI 2021, CoRR abs/2104.05570 (2021)

https://www.cs.jhu.edu/~lelu/afsumb2021.tiemeeting.com/EN
https://www.rsna.org/annual-meeting


Deep-bio
Inpatient 

(3450)

Outpatient 

(4231)

Emergency 

(4546)

Health 

check (4177)

Sensitivity 0.835 0.905 0.88 0.943

Specificity 0.926 0.898 0.834 0.908

AUC 0.947 0.963 0.926 0.970

Deep-bio screens steatosis achieving SOTA in real-world validation

More accurate in edge cases than the method of Radiology [1]

◆ A clinical product solution based on non-contrast CT for steatosis 

screening

◆ Steatosis Screening Product: Completed the v2 version upgrade 

and real-world testing and gather feedback to optimize product 

capabilities.

✓ Greatest challenge: early diagnosis of mild steatosis, which can hardly be 

detected by doctors on CT – yet, with appropriate intervention, mild 

steatosis is reversible without medication.

✓ Another issue is the scarcity of gold standards, which makes deep models 

prone to overfitting and poor generalization. To address this, we propose a 

novel learning framework that leverages a limited number of pathologically 

confirmed gold standard steatosis cases. It also employs distillation to 

curate labels from a vast amount of real-world data with imaging reports, 

incorporating reliable annotations into an iterative learning and refinement 

process!

✓ High-quality algorithms remain crucial!

✓ Currently, this solution shows good generalizability across four internal and 

external centers (in China and Brazil), and validation results on a pathology 

gold standard patient test set outperform elastography ultrasound / SOC 

significantly, approaching the diagnostic accuracy of MRI-PDFF!

[1] Quantification of liver fat content with ct and mri: state of the art. Radiology, 

301(2):250–262, 2021.

[2] Gao et al., “Effective Opportunistic Hepatic Steatosis Screening Using Imaging 

and Non-Imaging Cues via Robust Multi-modal Learning”, 2024 Pathological staging of steatosis（S0：None；S1：Mild；
S2: Moderate；S3: Severe）

QuanLF [1]：None

Deep-bio [2]：Mild

Pathology:

S1

（3.a）Steatosis: Real-World Opportunistic 
Screening via Non-Contrast CT

Pathology:

S0

QuanLF [1]：Mild
Deep-bio [2]：None

Pathology:

S2 Pathology:

S3

QuanLF [1]：Mild

Deep-bio[2]：Moderate
QuanLF [1]：Moderate

Deep-bio [2]：Severe



（3.b）Screening for Liver Cirrhosis and Esophageal Varices using Non-Contrast CT

Esophageal 

varices 

screening 

in cirrhosis 

patients 

AUC =

0.832,0.864

Grading of 

Liver 

Fibrosis: 

Internal 

independent 

testing

Precise 

patient 

longitu-

dinal

manag-

ement

Affected 

regions in 

the 

esophagus, 

liver, and 

spleen is 

highlighted

◆ Screening for liver cirrhosis based on non-contrast CT

◆ Screening for esophageal varices in liver cirrhosis 

population using non-contrast CT

Current Project Progress

◆ Version 1 of the algorithm has been developed and 

internally independently tested

◆ Further validation of algorithm accuracy and generalization 

capability is required using data from external centers

Patient X baseline: chronic hepatitis, mild, G2/F0, steatosis; scattered small cysts within the 

liver. 2012/11/24

AI prediction

F0, no

fibrosis

F3, advanced

fibrosis

Patient X Outcome: liver cirrhosis and splenomegaly persisting as 

before.2019/11/11

AI prediction

Chunli Li, et al., “Improved Esophageal Varices Assessment on Non-Contrast CT Scans”, early accept, MICCAI 2024



实验室名称
（4）Osteoporosis screening and diagnosis via non-contrast CT

Overall Objective: To achieve intelligent estimation/tri-classification of bone mineral density (BMD) in any 

vertebral body of the human spine through non-contrast CT : Normal Bone Density/0; Bone Loss/Deficiency/1; 

Osteoporosis/2.

1. Optimization of Vertebral Body Instance Segmentation Model: Achieve a failure rate of less than 1% in 

vertebral identification and segmentation across multi-center datasets.

2. Prediction Model for Vertebral Body BMD Values: Demonstrate universal consistency with readings from at 

least three common DXA devices (Correlation Coefficient R>0.85).

3. Product Implementation and Validation: Validate algorithms and refine models in 4-6 collaborating 

hospitals, leading to productization.

Progress Update:

1. Finished Algorithm V1.0 and conducted tests in Zhuji and Lishui with a correlation coefficient over R>0.85.

2. Collected pairs of BMD data from three different DXA machines and corresponding CT scans, initiating the 

upgrade to V1.0.

3. A clinical paper with multi-center validation is being authored.

Regression analysis 
based on bone density

Regression analysis
based on T-score

Regression analysis based on
calibrated bone density

Algorithm flowchart

DXA-CT Paired Data from Multiple Centers and Devices

Quantitative Test Results of Algorithm V1.0 on Lishui Dataset

[1] Rib-Query: Steerable 9-DoF Rib Instance Segmentation and Labeling with Query, 

(JBHI, 2024) segmentation tool

[2] Towards a Comprehensive, Efficient and Promptable Anatomic Structure 

Segmentation Model using 3D Whole-body CT Scans, CoRR abs/2403.15063 (2024) 
DAMO Academy’s universal multi-organ interactive segmentation tool is open-sourced in the 

Alibaba Cloud ModelScope Community https://modelscope.cn/models/xiuan123/CT-SAM3D

https://modelscope.cn/models/xiuan123/CT-SAM3D


（5）Whole-body organ segmentation on 
non-contrast CT scans / 236 organs

Currently, we are compiling additional results and optimizing inference for parallel outputs .
Open-sourced within the Alibaba Cloud ModelScope Community. Model as a Service！
https://github.com/alibaba-damo-academy/ct-sam3d
https://modelscope.cn/models/xiuan123/CT-SAM3D

[1] Ji, Z. et al., “Continual segment: Towards a single, unified and non-forgetting continual segmentation model of 143 whole-body organs in CT scans”, IEEE ICCV, 2023

[2] Zhu, V. et al., “Low-Rank Continual Pyramid Vision Transformer: Incrementally Segment Whole-Body Organs in 3D CT Scans with Light-Weighted Adaptation”, MICCAI 2024

[3] Guo, H. et al., “Towards a Comprehensive, Efficient and Promptable Anatomic Structure Segmentation Model using 3D Whole-body CT Scans”, CoRR abs/2403.15063 (2024, in review) 

[4] Ulrich et al., “Multitalent: A multi-dataset approach to medical image segmentation”, MICCAI, 2023

o By integrating multiple partial label datasets and employing a framework of universal encoder coupled with scalable 
and pruned decoders, we establish a unified segmentation model for all 236 organs and lesions throughout the body. 
This acts as a large-scale medical segmentation model empowering downstream segmentation , chronic disease 
management, muscle mass assessment, fat analysis, radiation therapy planning, and diagnosis.

❑ When multiple datasets are not simultaneously accessible, our Continual Segmentation System (CSS)
dynamically updates the segmentation capability for select organs while preserving the segmentation accuracy 
for others (no forgetting) [1].

❑ When multiple datasets are concurrently available, our Universal Segmentation Model facilitates easier 
optimization, enabling the model to gain broader knowledge across these datasets, thereby enhancing 
segmentation precision [2,3].

✓ Our Universal Model surpasses CSS model, achieving 2.6% in Dice Similarity 
Coefficient (DSC) per organ compared to nnUNet trained on single datasets!

Scenario 1: Continuous Segmentation

5 testing datasets:

✓ Surpasses nnUnet
trained on single 
datasets.

✓ Parameter count is 
only about 40%
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Scenario 2: Universal Segmentation
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+2.6

https://github.com/alibaba-damo-academy/ct-sam3d
https://modelscope.cn/models/xiuan123/CT-SAM3D




Continual Segmentation Partial label 
Segmentation

[1] Zhao, Z. et al. One model to rule them all: Towards universal segmentation for medical images with text prompts. Nature Communications under review (2024)

[2] Zhao, T. et al. Biomedparse: a biomedical foundation model for image parsing of everything everywhere all at once. Nature Methods (2024)

[3] Isensee, F.,  et al. nnu-net: a self-configuring method for deep learning-based biomedical image segmentation. Nature methods (2021)

[4] Zhang et al. “Continual segment: Towards a single, unified and non-forgetting continual segmentation model of 143 whole-body organs in ct scans”, IEEE ICCV (2023)

[5] Guo, D. et al., “Unified, Accurate, Generalizable and Non-forgetting Continual Segmentation Model of Fine-grained 236 Whole body Organs, Lymph Node Stations and Lesions in CT scans”, 

in submission (2024)

o Despite claimed as foundation models, none of recent 
medical SAM-type models[1,2] have truly surpassed the 
performance of dataset-specific trained nnUNet[3] under 
rigorous and fair evaluation.

o We tackle universal segmentation from a new 
perspective of continual learning and propose a unified, 
scalable and non-forgetting Continual Learning model, 
CL-Net[4,5]

❑ Harness the synergies of a large set of partially labeled 
datasets to accurately segment all anatomies present across 
all datasets

❑ Dynamically extend to segment new anatomies without 
compromising previously learned knowledge, even without 
access to prior training datasets

❑ 20 public and 16 private datasets (collection of our previous 
peer-reviewed work) from different institutions with various 
vendors, phases and pathologies, resulting in a substantial 
total of 13,952 CT scans covering 236 whole-body 
anatomies: 193 organs/sub-organs, 33 lymph node stations, 
and 10 tumor GTVs.



Universal Segmentation for Fine-grained 236 Whole-body anatomies

[2] Ulrich et al. “Multitalent: A multi-dataset approach to medical image segmentation”, MICCAI, 2023

[3] Zhao, Z. et al. One model to rule them all: Towards universal segmentation for medical imageswith text prompts. Nature Communications under review (2024)

[6] Zhao, T. et al. Biomedparse: a biomedical foundation model for image parsing of everything everywhere all at once. Nature Methods (2024)

o CL-Net achieves consistent 
superior or on par accuracy 
with dataset-specific trained 
nnUNet

o CL-Net outperforms nnUNet-
extended universal model 
MultiTalent[2] by +2.64% DS

o Significantly outperforms SAM-
type medical imaging 
foundation models by large 
margins, e.g., SAT[3] (+9.9% DS), 
BiomedParse[6] (+67.0% DS). 



Universal Segmentation for Fine-grained 236 Whole-body anatomies



Whole-body/chest/abdominal muscle and fat segmentation on non-contrast CT 
scans - management of chronic disease treatment response
(Severe Fever with Thrombocytopenia Syndrome, SFTS)



Zhao, et al., A Curvature-Guided Coarse-to-Fine Framework for Enhanced Whole Brain Segmentation, (early accept, Top 11%), pdf, 27th INTER. 

CONF. ON MEDICAL IMAGE COMPUTING AND COMPUTER ASSISTED INTERVENTION MICCAI 2024; 6-10 October 2024, MARRAKESH/MOROCCO

（6）Full brain area segmentation based on MRI / 106 brain regions

106 manually labeled ROIs include 31 cortex labels in each 

hemisphere, 1 WM label in each hemisphere, 41 SS labels, 

and 1 background label.

https://modelscope.cn/models/...Open-sourced in the Alibaba 

Cloud ModelScope community: Model as a Service!

https://www.cs.jhu.edu/~lelu/publication/MICCAI2024-2514.pdf
https://conferences.miccai.org/2024/en/
https://modelscope.cn/models/


实验室名称

Cancer Precision Diagnosis & Treatment Recommendation (AI-MDT)

❖ Contrast CT+ multi-modal head and neck cancer TNM

❖ Contrast CT+ multi-modal lung cancer TNM

❖ Contrast CT+ multi-modal esophageal cancer TNM

❖ Contrast CT+ multi-modal pancreatic cancer TNM

❖ Contrast CT unified detection and diagnosis model of at least eight major cancers（M）

4. How to adequately and rapidly address the very next step 

clinical needs for our screened-positive patient population …



（1）T-staging for laryngeal cancer based on CT

[1] Lydiatt et al. “Head and neck cancers—major changes in the American Joint Committee on cancer eighth edition cancer staging manual”, CA: A Cancer Journal for Clinicians, 2017

[2] Forastiere et al. “Use of Larynx-Preservation Strategies in the Treatment of Laryngeal Cancer: American Society of Clinical Oncology Clinical Practice Guideline Update”, Journal of Clinical Oncology, 

2018

[3] “Comprehensive and Clinically Accurate Head and Neck Cancer Organs-at-risk Delineation on a Multi-institutional Study”, Nature Communications, 2022

[4] “Deep learning for fully automated prediction of overall survival in patients with oropharyngeal cancer using FDGPET imaging: an international retrospective study”, Clinical Cancer Research, 2021

❑ The precise clinical T staging before treatment for laryngeal cancer patients determines the 
therapeutic approach, such as larynx preserving surgery (for T1-T3 stages) or total 
laryngectomy (for T4 stage), which in turn leads to varying 

❑ Currently, clinical diagnosis of T staging relies on PET-CT; however, even PET often fails to 
clearly demonstrate invasion of the thyroid cartilage and extralaryngeal tissues [2].

❑ Objective: To establish preoperative T staging for laryngeal cancer based on CT, reducing the 
need for additional PET-CT radiation exposure and patient expenses, concurrently devising the 
most accurate surgical approach.

o Over 300 pathologically confirmed patients for early N stage, with 
plans for more cases and PET-CT data.

o 54-organ segmentation model for head and neck.
o Tumor segmentation accuracy of 78% for nasopharyngeal cancer 

based on non-contrast CT scans (approaching the 80% consistency 
of physician delineation on multi-modal MRI).

o Our current system scores at 3.1.

Total laryngectomy surgeryLarynx preserving surgery



（1）N-staging in head and neck squamous 
cell carcinoma using CT

o Head and neck squamous cell carcinoma refers to malignant epithelial tumors originating from the 
oral cavity, pharynx, and other sites, ranking 6th in overall cancer incidence and accounting for over 
90% of all head and neck cancers.

o These cancers often affect vital functions such as chewing, speaking, swallowing, and aesthetics due 
to their involvement of multiple sites, highlighting the importance of precise N staging for HNSCC 
[1,2], which enables reasonable treatment plans that balance patients' quality of life, aesthetic 
appearance, and prognosis.

o Since the 8th edition of the UICC/AJCC TNM staging system, extranodal extension (ENE), defined as 
the spread of cancer beyond the lymph node capsule, has been incorporated into the N staging, 
recommending a combined modality of treatment.

o 。

o JCO ENE diagnosis AUC 0.87; Lancet DH AUC 0.86; Our AUC for metastatic lymph node diagnosis is 
0.90-0.93, ENEdiagnosis AUC 0.91-0.96; ENE diagnosis for two radiologists in internal and external 
data is only 64% and 28% in average.

[1] Lydiatt et al. “Head and neck cancers—major changes in the American Joint Committee on cancer eighth edition cancer staging manual”, CA: A Cancer Journal for Clinicians, 2017

[2] Ho et al. “Association of Quantitative Metastatic Lymph Node Burden With Survival in Hypopharyngeal and Laryngeal Cancer”, JAMA Oncology, 2018

[3] Kann et al. “Multi-Institutional Validation of Deep Learning for Pretreatment Identification of Extranodal Extension in Head and Neck Squamous Cell Carcinoma”, Journal of Clinical Oncology, 2020

[4] Kann et al. “Screening for extranodal extension in HPV-associated oropharyngeal carcinoma: evaluation of a CT-based deep learning algorithm in patient data from a multicentre, randomised de-escalation 

trial”, Lancet Digital Health, 2023

Internal test

External test



（2）T-staging for Esophageal Cancer using CT

Currently, our precision in identifying the key slices determining T staging in esophageal 
tumors stands at 87.6%, with an area under the curve (AUC) of 83%. For T1, T2, and 
combined T3+T4 staging, the respective AUCs are 89%, 63%, and 77%, with a micro AUC of 
87%.

[1] Rice et al. “Cancer of the Esophagus and Esophagogastric Junction: An Eighth Edition Staging Primer”, Journal of Thoracic Oncology, 2017

[2] Lee et al. “Clinical implication of PET/MR imaging in preoperative esophageal cancer staging: comparison with PET/CT, EUS, and CT”, Journal of Nuclear Medicine, 2014 

[3] Lee et al. “Diagnostic Performance of MRI for Esophageal Carcinoma: A Systematic Review and Meta-Analysis”, Radiology, 2021 

[4] Puli et al. “Staging accuracy of esophageal cancer by endoscopic ultrasound: A meta-analysis and systematic review”, World Journal of Gastroenterology , 2008

o The T stage refers to the status of the primary tumor,  T1 to T4 showing the tumor volume enlarges 
and involvement of adjacent tissues expands.

o The precise clinical T staging of esophageal cancer patients before treatment determines the 
therapeutic approach taken (e.g. surgery versus neoadjuvant chemoradiotherapy), impacting 
patients' prognoses and survival outcomes [1].

o The accuracy of clinical T staging based on CT/MRI/PET by physicians is low, from 30% to 70% [2,3], 
while endoscopic ultrasound achieves an accuracy rate of 85%; however, it is invasive, not 
universally offered and relies on the operator's skill [4].

Invasion:
T1: Mucosal layer 
T2: muscularis propria
T3: esophageal fibrous 
membrane
T4: adjacent organs

T
ru

e

Prediction



（2）N-staging for Esophageal Cancer using CT

Our AUC to identify malignant lymph nodes in esophageal cancer is 88.4%, with a 
sensitivity of 82.02% at 80% specificity, and a specificity of 81.76% at 80% 
sensitivity.

[1] Rice et al. “Cancer of the Esophagus and Esophagogastric Junction: An Eighth Edition Staging Primer”, Journal of Thoracic Oncology, 2017

[4] Shah et al. “Improving outcomes in patients with oesophageal cancer”, Nature Review Clinical Oncology, 2023

[2] van Vliet et al. “Staging investigations for oesophageal cancer: a meta-analysis”, British Journal of Cancer, 2008 

[3] Obermannová et al. “Oesophageal cancer: ESMO Clinical Practice Guideline for diagnosis, treatment and follow-up”, Annals of Oncology, 2022

o The accurate clinical N staging [1] before treatment for esophageal cancer patients determines the 
treatment (such as surgery versus neoadjuvant chemoradiotherapy) and the precision(the scope of 
lymph node dissection, the range of radiotherapy clinical target volume [CTV]), which direct impacts 
patients' survival outcomes [2].

❑ The accuracy of differentiating between benign and malignant esophageal lymph nodes based 
on EUS/CT/PET by clinicians is low: sensitivity ranges from 50% to 80% [2,3], and specificity 
ranges from 70% to 85% [3,4].
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（3）T-staging for lung cancer using CT

[1] “The International Association for the Study of Lung Cancer Lung Cancer Staging Project: Proposals for Revision of the TNM Stage Groups in the Forthcoming (Ninth) Edition of the TNM 

Classification for Lung Cancer”, Journal of Thoracic Oncology, 2024

[2] “The International Association for the Study of Lung Cancer Lung Cancer Staging Project: Proposals for the Revisions of the T-Descriptors in the Forthcoming Ninth Edition of the TNM 

Classification for Lung Cancer”, Journal of Thoracic Oncology, 2024

❑ The precise clinical T staging prior to treatment in lung cancer patients 
determines the therapeutic approach adopted (such as varying surgical 
procedures, combined treatment modalities, etc.), which in turn leads to 
differing prognosis and quality of life outcomes for the patients [1].

❑ Lung cancer T staging relies on accurate tumor segmentation, coupled with the 
spatial relationship to the bronchial tree, as well as the spatial relationship with 
surrounding tissues (including the pericardium, chest wall, nerves, esophagus, 
diaphragm, vertebral bodies, etc.) [2].

T1 T2 T3 T4

Our accuracy for lung tumor segmentation is 81% 
(Inter-observer consistency～80%)。

0.70

0.80

0.90

1.00

Treel Branch% Tree Length% Precision

AIrway Tree Segmentation Results

WingsNet BronchNet LocalIMB CFDA DeepTree(ours)

+10.7
+5.3

80

85

90

Required Organs Optional Organs All Organs

Chest Organ Segmentation Results

nnUNet UniPL(ours)

+2.6
+5.3

+3.8



（3）N-staging for lung cancer using PET/CT

[1] “The International Association for the Study of Lung Cancer Lung Cancer Staging Project: Proposals for the Revisions of the N-Descriptors in the Forthcoming Ninth 

Edition of the TNM Classification for Lung Cancer”, Journal of Thoracic Oncology, 2024

[2] “Deep learning for prediction of N2 metastasis and survival for clinical stage I non–small cell lung cancer”, Radiology, 2022

[3] “PET/CT based cross-modal deep learning signature to predict occult nodal metastasis in lung cancer”, Nature Communications, 2023

o Accurate clinical N staging prior to treatment for lung cancer  determines the 
therapeutic approach (such as various surgical methods, combined treatment 
strategies, etc.), which in turn results in differing prognoses and quality of life for the 
patients [1].

❑
Radiology only detected N2 patients from enhanced CT images of tumors [2]; whereas Nature 
Communications identifies both N1 and N2 patients using tumors on PET/CT scans [3].

The preliminary techniques has been established; data collection for lung 
cancer lymph node differentiation is still ongoing.

Our Objectives and Strategies:

▪ Full Automation

▪ Enhanced multi-modal imaging combining 

Thin-Layer CT with PET/CT

▪ Lymph node instance + Multi-dimensional 

Tumor inputs

▪ Reduce false positives (cN1/2 vs pN0)

▪ Reduce false negatives (cN0 vs pN1/2)
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（4）Precision Diagnosis of Pancreatic Cancer using multi-phase CT
Management of Precancerous Pancreatic Lesions; Resectability, N-Stage Assessment

[1] “Artificial Intelligence to Predict Lymph Node Metastasis at CT in Pancreatic Ductal Adenocarcinoma”, Radiology, 2023 

[2] “Deep Attention Learning for Pre-operative Lymph Node Metastasis Prediction in Pancreatic Cancer via Multi-object Relationship 

Modeling”, International Journal of Computer Vision, 2024

[3] “Deep Learning for Fully Automated Prediction of Overall Survival in Patients Undergoing Resection for Pancreatic Cancer: A 

Retrospective Multicenter Study”. Annals of Surgery, 2023

[4] “Graph Anatomy Geometry-Integrated Network for Pancreatic Mass Segmentation, Diagnosis, and Quantitative Patient 

Management”, IEEE CVPR 2021

[5] S Springer, DL Masica, M Dal Molin, C Douville…, “A multimodality test to guide the management of patients with a pancreatic 

cyst” - Science translational Medicine, 2019



(5) Eight Major Cancers Image Reading AI on Enhanced CT: Detection, Measurement, 
Diagnosis & Beyond→ can we go to M (detecting cancer metastasis)?

Sens. / Spec. = 96% / 90%

#Task #Dataset Training Set Testing Set

Breast Shenyi 332 100

colon Shengyi 847 100

eso esoBenign

1710 100

eso esoCancer

Eso esoSiChuan

eso esoZJU

eso esoZJU-EarlyEC24

eso esoZJU-ECA300

kidney KiTS23 360 100

Liver LivShengjing16-22 1736 200

lung GDLC

1783 100lung ZDY670

lung ZDY2000

pancreas shangyi
2296 759

pancreas shangyi2

stomach shengyi

2186 100stomach shenyiAddData

stomach shiyiNormal

CT Scans 11250 1559

1. Techniques:

（1）Data & Annotation: A training set of 10,000 labeled cases

（2）Algorithm：Hierarchical optimization with background modeling 

(HOBM)、Partial label learning

2. Product Readiness：

Applicable to chest and abdominal enhanced CT scans. Requires 

enhancement of specificity and clinical validation.

3. Next Steps:

Deepening collaboration for clinical iteration.

Advancing towards universal lesion detection capabilities: Establishing 

an ultra-large-scale real-world dataset, integrating with DeepLesion, and 

incorporating Vision-Language Pretraining.

[1] CancerUniT: Towards a Single Unified Model for Effective Detection, Segmentation, and Diagnosis 

of Eight Major Cancers Using a Large Collection of CT Scans, IEEE ICCV, 2023



(6) Towards bigger models … in Radiology & Pathology



(6) Towards bigger models … in Radiology & Pathology



(6) Towards bigger models … in Radiology & Pathology





Thanks for your interests!

In this rapid-changing era, PATIENT FIRST should always be our top priority of principles! 

le.lu@alibaba-inc.com 
May Peace and Prosperity Prevail!
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