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Open problems & future directions on AI 
biomedicine applications



Problems & future research in AI

 Too brute-force

 Too artificial

 Deficient in reasoning & causal understanding

 How to integrate symbolic reasoning with neural networks?

 Can AI learn true cause-effect relationships from observational data?

 How to enable counterfactual reasoning (“what if?” scenarios)?

 Generalization beyond i.i.d. data (learn from sparse, heterogenous  data; generalize 
across tasks and domains without retraining)

 Agentic AI, autonomous systems, multimodality, &  world models

 Gain true understanding instead of superficial pattern-matching

 Robustness, ethics,  & safety 



Foundation models

DNN 
models

Data

Computing 
resources







AI Foundation Models

• Versatility: One model can be adapted for 

multiple tasks (e.g., language translation, 

summarization, question answering).

• Efficiency: Reduces the need for developing 

and training models from scratch for different 

tasks.

The deployment of FMs need to 

be cautious – more research is 

necessary to realize the 

potential of FMs.
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AI Foundation Models & Reinforcement learning from Human Feedback

• Fine-tuning

• prompting

• In-context learning

• Chain-of-Thought (CoT)



AI Foundation Models & Reinforcement learning from Human Feedback





Dealing with increased complexity and 

multimodalitydata integration (data are expensive, but 

paired data are even more so).  com
 Vision-language models

 Multi-omics integration

 Multimodality imaging

 …Multimodal 



Nature Computational Science, in press, 2025

Spatiotemporal signal analysis



Nature Computational Science,
in press, 2025







L. Zhu, Y. Chen, L. Liu, L. Xing*, L. Yu*, IEEE T-PAMI,  2024.



L. Zhu, Y. Chen, L. Liu, L. Xing*, L. Yu*, IEEE T-PAMI,  2024.



Multisensor learning (MSL) for dual energy CT

● Dual energy CT data for training

● Single energy CT data for testing
L. Zhu, Y. Chen, L. Liu, L. Xing*, L. Yu*, IEEE T-PAMI,  2024.

A. Li, L. Zhu, Y. Chen, L. Liu, L. Xing*, L. Yu*,  AAPM  2025.



Spatial transcriptomics

https://www.scdiscoveries.com/blog/knowledge/spatial

-transcriptomics-5-key-applications/



Cell type and spatial domain identification

Yan et al., To be submitted, 2025



The key ethical challenges

 AI is not just a technological tool; it's a social and economic force.

 Ethical issues arise from the entire lifecycle of AI: from framework design, data curation, 

model training, to deployment and impact.

 Key areas of concern are:

1. Bias & Fairness: The risk of perpetuating or amplifying societal biases.

2. Privacy & Data Security: The use of vast amounts of data and the potential for misuse.

3. Accountability & Transparency: The "black box" problem of understanding and 

assigning responsibility for AI decisions.

4. Socioeconomic Impact: The effects on employment, inequality, and human agency.



Enhancing accountability & transparency of AI models

 Explainable AI (XAI) Research:

o Post-hoc Explanations: Develop methods to explain the decisions of complex "black box" models 

after they've made a prediction (e.g., SHAP, LIME).

o Interpretable Models: Design inherently interpretable AI models (e.g., decision trees, linear models) 

for high-stakes applications where transparency is paramount.

o Visualizations & User Interfaces: Create intuitive interfaces that help users understand AI reasoning, 

even for complex models.
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Fda’s ai safety initiatives



Nature Communications 14, 8506, 2023

MDA visualization of GPT-2 and BERT finetuning features at 3 

different layers at different SNRs. Red to violet color denotes the 

survival days from 0 to 10,000 days. Colorbar denotes the 

normalized survival days. 

Islam M.T., Xing L, “Deciphering the feature representation of deep neural networks for high performance 
biomedical AI”, TPAMI, 2024.



Visualization & analysis of deep learning features

PCA (1), t-SNE (2), UMAP (3) and CFA (4) visualization of 

features of chest x-ray training data at layer 32 (a), 63 (b), 

116 (c) and 142 (d) of GoogLeNet. The color codes are: 1) 

red-normal, 2) yellowish red-hernia, 3) yellow-P.T, 4) 

greenish yellow-Fibrosis, 5) light green-Emphysema, 6) 

deep green-Edema, 7) bright green-Consolidation, 8) 

cyanish green-Pneumothorax, 9) cyan-Pneumonia, 10) light 

blue-Nodule, 11) deep blue-Mass 12) blueish magenta-

Infiltration, 13) light magenta-Effusion, 14) deep magenta-

Cardiomegaly, 15) redish magenta Atelectasis.

Islam M.T., Xing L, “Deciphering the feature representation of deep neural networks for high performance biomedical AI”, TPAMI, 2024.
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AI FOUNDATION MODELS FOR PRECISION MEDICINE



Agentic AI
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Give me sufficient CLEAN data, I can solve all inference problems

Give me a firm place to stand and a 
lever and I can move the Earth

- Archimedes

- Archimedes
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Biomedical  AI 

Foundation Models

foundation models for various biomedical applications 

–need biology/physics knowledge integration

SUMMARY 

Prior physics/biology knowledge

4

Multi-modality & Multi-scale FM

AI is changing the landscape of biomedicine
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