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NLP is key to unlocking the future of medicine from clinical text



Multi-modal is 
key to unlocking 
new opportunity

� Health is not limited to a 
single data modality

� Health is not limited to a 
single setting

� Holistic models build 
understanding of health

Acosta et al. Multimodal Biomedical AI. Nat Med. 2022 
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Does it work? Is it safe?

Real-world data can provide crucial evidence

Human-in-the-loop helps mitigate risk & 
continuously improve 
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Rethinking AI for Health
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• LLMs can improve detection of bias
• LLMs can create structured datasets of equity-

relevant information
• LLMs can improve equity of access
• LLMs can improve equity in matching systems
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85% of LLM papers 
studying equity impacts 
focus on equity harms
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US: Less than 3% cancer patients enroll in trials
   40% cancer trial failures due to insufficient patients   

New drug costs $2-10 billion and takes 10+ years

Data Producer
Provider, EHR Vendor

Insight Consumer
Pharma, Payor, Regulator
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Data Producer
Provider, EHR Vendor

Insight Consumer
Pharma, Payor, Regulator

  Large language models ® universal structuring  
Instantly unlock value
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Your task is to convert the given clinical trial criteria input into a valid logic formula. Your response should be written in the language of propositional 
logic and should accurately capture the meaning of the input. Please note that your response should also include any necessary logical connectives, 
such as "and", "or", or "not". Please keep in mind that your response should be flexible enough to allow for various relevant and creative solutions. 
You should also focus on providing an accurate and well-structured solution that can be easily understood by others.

Input:
"
-Histologically or cytologically confirmed high-grade neuroendocrine tumor that has progressed on first line therapy, excluding small cell lung 
cancer (SCLC). High grade includes any neuroendocrine neoplasm with a Ki-67 of >=20% or with mitotic count of more than 20 mitoses per high 
power field or any poorly differentiated neoplasm or any neoplasm lacking these that is deemed high grade by pathology consensus, based on 
other markers (necrosis or IHC demonstrating p53 or RB mutation).
”

Output:

Input: 
" 
Histologically confirmed metastatic colorectal adenocarcinoma with mutant APC, TP53 and KRAS genes as determined by the local CLIA-certified 
laboratory are eligible. All RAS mutations are allowed (KRAS, NRAS, HRAS). Patients with wild type KRAS, APC or TP53 are ineligible.
"

Output:
"
metastatic AND colorectal adenocarcinoma AND (APC mutation AND TP53 mutation AND KRAS mutation) AND NOT (NOT KRAS mutation OR NOT 
APC mutation OR NOT TP53 mutation)
"

Instruction

Example

Input

LLM: Universal Structuring
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“
(high-grade AND neuroendocrine tumor AND progressed on first line therapy AND NOT SCLC) AND (Ki-67 >=20% OR mitotic 
count >20 OR poorly differentiated OR (necrosis OR (p53 mutation OR RB mutation)))
“

Output

LLM: Universal Structuring
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LLM: Universal Structuring

Wong et al. “Scaling Clinical Trial Matching Using Large 
Language Model: A Case Study in Oncology”, MLHC 2023.
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Final Diagnosis
Lymph node, supraclavicular 
biopsy- Metastatic Non-small cell 
carcinoma. The biopsy 
demonstrates carcinoma with a 
desmoplastic stroma, hypocellular 
specimen with rare atypical cell. 
A: 
Lymph node: 
Metastatic carcinoma: POSITIVE for 
PD-L1 Expression (TPS > or = to 1 
%) See immunohistochemistry 
report below . …

pathology 
report

FINDINGS:
Lines/Pleura: Evaluation of the left 
lung shows the previously noted 
nodules are slightly improved. For 
example, the nodule in the 
posterior right lower lobe now 
measures 1.4 x 1 cm , previously 
1.2 x 0.9 cm (series 2 image 31 ). A 
slightly more anterior left upper 
lobe nodule now measures 1.0 x 
0.5 cm , previously 1.2 x 1.0 cm ( 
series 3 image 82). No new or 
enlarging pulmonary nodules…

imaging 
report

He reports energy is improving. 
Exercises for 15 minutes a day. No 
new pain or headaches. No 
vomiting, diarrhea, or constipation. 
No fever or chills.
ECOG status 1. 
Heart: regular rate and rhythm.
Neck: Supple
Lungs: Clear to auscultation and 
percussion 
Abdomen: Bowel sounds normal, 
no tenderness.
Back: Spine normal without 
deformity…

progress
note

EMR: Cancer Patient Journey
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OncoBERT: Oncology RWE

Preston, Wei, et al. “Towards Structuring Real-World Data at Scale: Deep Learning for Extracting Key 
Oncology Information from Clinical Text with Patient-Level Supervision”, Patterns 2023.
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GPT-4: Structure Real-World Data
Preliminary results promising 
“Read” annotation guideline ® zero-shot structuring
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Biomedical LLMs
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General vs Health Labeled Data
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Two cows are grazing in the 
field.

IMPRESSION

No significant change in right 
middle and low lobe 
pneumonia. Small increase in 
left pleural effusion. ……

Biomedical and clinical domain label require expertise
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General vs Health Data Availability

19

1992

Penn Treebank

2006

Comparable datasets over a decade later



Microsoft Health Futures

Growth of Data (5B → 1T)
GPT-4?
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Growth of Model Size (100M → 1T+)

GPT-4?
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Emergent Abilities

Wei, et al. “Emergent Abilities 
of Large Language Models”, 
TMLR 2022.
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Effects of Scale

https://parti.research.google/
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General-purpose Interface

LLM for language understanding and generation

T1: summarize the doctor-patient dialogue.
T2: extract PHI from the patient note.
T3: classify the PubMed abstract.
T3: what disease does the patient have?
……

A1: visit summary
A2: PHI
A3: document type
A4: disease
……

Input interface

Output interface
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Paradigm Shifts with LLMs

Specialist 
Models

Generalist 
Models

Closed-set 
Classification

Open-ended 
Generation

Representation 
Learning

Promptable 
Interface
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Specialist 
Models

Generalist 
Models

Closed-set 
Classification

Open-ended 
Generation

Representation 
Learning

Promptable 
Interface

Paradigm Shifts with LLMs
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Specialist Models

Summarization model

Entity recognition model

Relation extraction model

Text classification model

Question answering model

Text inference model

Clinical dialogue

Patient note

PubMed abstract Chemical-Disease

PHI

Patient Note

Discharge summary Diagnostic code

USMLE Answer choice

Clinical note Entail/contradict
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Summ.

NER

RE

Classi.

QA

NLI

Clinical dialogue

Patient note

PubMed abstract Chemical-Disease

PHI

Patient Note

Discharge summary Diagnostic code

USMLE Answer choice

Clinical note Entail/contradict

Transformer

Transformer

Transformer

Transformer

Transformer

Transformer

Specialist Headers
task-agnostic 

base
task-specific

header

pretraining fine-tuning
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Clinical dialogue

Patient note

PubMed abstract Chemical-Disease

PHI

Patient Note

Discharge summary Diagnostic code

USMLE Answer choice

Clinical note Entail/contradict

LLM

Generalist Models
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Specialist 
Models

Generalist 
Models

Closed-set 
Classification

Open-ended 
Generation

Representation 
Learning

Promptable 
Interface
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Closed-set Classification Predefined/limited labels

Paradigm Shifts with LLMs

Summarization model

Entity recognition model

Relation extraction model

Clinical dialogue

Patient note

PubMed abstract Chemical-Disease

PHI

Patient Note
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BC5

NCBI

PubMedQA Yes/No/Maybe

Disease

Chemical/Disease

Clinical dialogue Summary

USMLE Answer

Clinical trial Structured form

LLM

Open-ended 
Generation

Paradigm Shifts with LLMs

Closed-set 
Classification
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Paradigm Shifts with LLMs

Specialist 
Models

Generalist 
Models

Closed-set 
Classification

Open-set 
Generation

Representation 
Learning

Promptable 
Interface
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Representation learning
• Expensive
• Engineering heavy
• Task-specific

Promptable interface
• Training free
• Universal interface – natural language

Improving Language Understanding by Generative Pre-Training
Retrieval-based Language Models and Applications

Frozen

Paradigm Shifts with LLMs

34

https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf
https://acl2023-retrieval-lm.github.io/
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Biomedical LLMs

PubMedBERT

BioGPT

GalacticaBioLinkBERT

GatorTronGPT

Med-PaLM2

Med-PaLM

SciBERT

BioBERT

ClinicalBERT

BioMedLM

BioMegatron

GPT-Neo

GPT-4
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Domain-Specific Pretraining

2020 2022

PubMedBERT

BioLinkBERT

BioGPT

PubMedGPT

Galactica

Med-PaLM

DRAGON

……
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Why Domain-Specific Pretraining?
Yu, et al. “Domain-Specific Language Model 
Pretraining for Biomedical Natural Language 
Processing”, Special Issue on Computational 
Methods for Biomedical Natural Language 
Processing, ACM Transactions on Computing 
for Health 2021.

BioMedBERT (formerly PubMedBERT)

In bounded-resource scenarios, 
enable more efficient learning by 
focusing on in-domain data 
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Why Domain-Specific Pretraining?
Yu, et al. “Domain-Specific Language Model 
Pretraining for Biomedical Natural Language 
Processing”, Special Issue on Computational 
Methods for Biomedical Natural Language 
Processing, ACM Transactions on Computing 
for Health 2021.

Shattered into pieces

Domain-specific Vocab
Preserves the integrity of

• Biomedical terms
• Amino acid sequences
• SMILES formula
• DNA sequences
• Mathematics
• Citations
• etc.

Domain-specific 
Vocab
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BioMedBERT (formerly PubMedBERT)
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Domain-Specific Pretraining ® Generalist Model

2020 2022

PubMedBERT

BioLinkBERT

BioGPT

PubMedGPT

Galactica

Med-PaLM

DRAGON

……

GPT-4  

2023
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GPT-4

Capabilities of GPT-4 on Medical Challenge Problems
The AI Revolution in Medicine: GPT-4 and Beyond

The most powerful general-purpose LLM
Human-level performance on many tasks

GPT-4 Technical Report

• SOTA on medical competency examinations

• “How well does the AI perform clinically? And my 
answer is, I’m stunned to say: Better than many 
doctors I’ve observed.”  —  Isaac Kohane MD

Out-of-Box: Expert-Level Competency on USMLE
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https://arxiv.org/abs/2303.13375
https://arxiv.org/abs/2303.08774
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GPT-4
GPT-4 has been pretrained on a 
large portion of the public web, 
which already contains a lot of 
biomedical text. 
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Generalist 
Model

(e.g., GPT-4)

Task-Specific Fine-Tuning
(e.g., MedPaLM)

Domain-Specific Pretraining
(e.g., PubMedBERT, BioGPT)

Generalist Models: Superior Steerability

More specialized 
model

Harder to Steer

More powerful model
Easier to steer
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Population-Level Health LLM
Patient ® Serialized multimodal token sequence
Initialize: GPT-101 (consumed entire public web)
Continued pretraining: 8 billion “health documents”

What is the multimodal health scaling law?

Will there be emergent health capabilities?
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Real-World Evidence

• JAX: Susan Mockus, Sara Patterson
• Fred Hutchinson: Christopher Li, Kathi Malone
• Providence: Carlo Bifulco, Brian Piening
• MSR: Xiaodong Liu, Hao Cheng, Jianfeng Gao, 

Ozan Oktay, Javier Alvarez-Valle, Naveen Valluri
• Interns: Maxim Grechkin, Ankur Parikh, Victoria 

Lin, Sheng Wang, Stephen Mayhew, Daniel 
Fried, Violet Peng, Hai Wang, Robin Jia, 
Matthew McDermott, Alexis Ross, Zelalem 
Gero, Sarthak Jain, Jenny Chen, Hunter Lang, 
Benedikt Boecking, Varsha Kishore, Jinfeng 
Xiao, Wenxuan Zhou, Neha Hulkund, Michelle 
Li, Peniel Argaw, Hanwen Xu, Mars Huang, Juan 
Manuel Zambrano Chaves, Yiqing Xie, Isabel 
Chien, Alicia Curth


