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A 50-Year Scientific Problem Solved 
by AI

The Protein Folding Problem - Scientists spent 50 years trying to 
predict protein structures. AI solved it

Millions
of protein structures predicted

Nearly Every
known protein mapped

Decades
of research accelerated overnight



AI Discovered a New Antibiotic

AI searched 100 million molecules and discovered a completely 
new antibiotic called Halicin.

Kills antibiotic-resistant bacteria

Structurally different from existing drugs

Discovered using machine learning



AI Is Detecting Disease Earlier 
Than Physicians

AI can identify subtle patterns in medical imaging including 
breast cancer detection on mammography, diabetic retinopathy 
from retinal scans, and intracranial hemorrhage on CT. AI + 
physician > physician alone.

• Breast cancer detection on mammography
• Diabetic retinopathy from retinal scans
• Intracranial hemorrhage on CT











• Describe Broad Categories of Models
• Brief Description of how they work
• Examples of commercially available 

products
• Share some products developed at Duke

















Regression Models in the 
real-world census 

forecasting















Structure emerges 
from data







Clustering finds the patterns — clinicians assign the meaning.





Aidoc



From Clusters to Decisions

Uncovering Patient Groups
Clustering techniques reveal hidden groups in 
radiology data, defining structural patterns to 
support analysis.

Assigning Patients with Random Forest
Random Forest models assign new patients to 
identified groups, operationalizing clinical insights for 
diagnosis.

Streamlining Clinical Decisions
This method bridges structural data discovery with 
actionable clinical decision-making, enhancing 
diagnostic workflow.



Decision Tree



Random Forest









What Exactly Is an LLM?
Large Language Model — a type of AI trained on massive amounts of text to 
understand and generate human language.



How LLMs Actually Work
LLMs are trained to predict the next 
word — over and over, billions of times 
— until they develop a sophisticated 
model of language, facts, and reasoning.

Important caveat: LLMs do not 
"understand" language the way humans 
do. They are sophisticated pattern 
matchers. 

This distinction has major implications for 
how we should trust and verify their 
outputs in clinical settings.



Why Should ED Operational Leaders Care?
Emergency departments operate under relentless pressure — documentation demands alone consume hours of clinician time every 
shift. LLMs directly address the core friction points that drive burnout and reduce throughput.

Documentation Burden

LLMs can draft notes, 
summaries, and discharge 
instructions in seconds.

Throughput Pressure

Faster documentation and 
decision support translate 
directly into shorter door-to-
disposition times and improved 
patient flow.

Workflow Efficiency

LLMs act as a force multiplier — 
enabling every member of the care 
team to do more with the time they 
have.



LLMs Are Already Everywhere

Your patients are using them. Your trainees are using them. And 
increasingly, your hospitals are, too.

100M
ChatGPT Users

Reached 100M in 2 

months — fastest 

product adoption in 

history

~50%
Physicians Using AI

Report using AI tools in 

some form in their 

practice (AMA, 2023)

$45B
Healthcare AI 

Market

Projected global 

healthcare AI market by 

2026



What LLMs Do Well

Summarization
Condense lengthy charts or research articles into concise, 
actionable summaries .

Documentation Drafting
Generate clinical notes, leaving the clinician to review and 
refine rather than write from scratch.

Patient Communication
Produce plain-language discharge instructions tailored to the 
patient's condition and reading level.



Where LLMs Fall Short

Hallucinations

LLMs can generate confidently stated, completely fabricated 
information — including fake citations, incorrect dosages, 
and non-existent guidelines.

No True Reasoning

They cannot logically deduce or perform multi-step clinical 
reasoning. Pattern matching is not the same as analytical 
thought.

Training Data Bias

Models reflect the biases present in their training data, 
including racial, gender, and socioeconomic disparities 
embedded in historical medical literature.

Not a Clinical Replacement

LLMs cannot examine a patient, integrate real-time vitals, or 
exercise the judgment that comes from years of clinical 
training and experience.



Ambient Scribes
Abridge and similar ambient documentation platforms 
represent one of the most impactful LLM applications in clinical 
medicine today. 

1 Reduces Documentation Time

Studies show up to 70% reduction in time spent on 
after-visit notes

2 Improves Patient Engagement

Clinicians maintain eye contact and focus on the patient, 
not the screen

3 Structured Output

Generates note sections aligned to standard clinical
templates



ChatGPT in Healthcare

What It Does Well

ChatGPT excels as a cognitive assistant — helping clinicians 
draft patient education materials, summarize literature, 
brainstorm differential diagnoses, and structure complex 
communications. Its breadth of knowledge and conversational 
interface make it highly accessible.

What to Watch Out For

HIPAA compliance: The standard ChatGPT interface is 
NOT HIPAA-compliant. Enterprise versions with BAAs 
exist but require institutional procurement.

Verification is mandatory: Always confirm factual 
claims, drug doses, and cited sources independently 
before clinical use.



A Better Option for Clinical Questions

Open Evidence is a medical-specific LLM trained 
exclusively on peer-reviewed literature — think 
PubMed meets ChatGPT, with real citations you can 
verify.

• Grounded in actual studies — reduces hallucination risk
• Free to use for clinicians
• Ideal for point-of-care evidence questions
• Still requires clinical judgment to interpret



EM-Tuned Knowledge

Trained on ACEP guidelines, EM literature, and clinical protocols — answers reflect real 
emergency practice

Evidence-Referenced

Responses include sourced references to reduce reliance on unverified outputs

Purpose-Built

More precise for EM queries than general-purpose tools — reduces other specialty answers



Prompt Engineering: Ask Better, Get Better

Set the Role
Specify the Output

Provide Context

The quality of AI output is directly proportional to the quality of your prompt. A 
little structure goes a long way.

 Pearls

• Assign a role: "You are a board-
certified EM physician…"

• Be specific about format and length
• Iterate — ask follow-ups to refine

 Pitfalls

• Vague prompts yield vague answers
• Never input PHI in consumer tools
• Always verify clinical output
• Sycophancy (agreement bias)



LLM Use Cases in the Duke ED

Scout

A prompt-based Epic chart search tool that 
allows clinicians to query patient records in 
plain language —reducing the time needed to 
extract relevant history from complex charts.

Rusty

A prompt-based search tool that allows 
clinicians to query the ED CEU protocols for 
clinical guidance.

Sickle Cell Tool

A tool that generates individualized 
management plans for patients with sickle cell 
disease based on their history, prior 
treatments, current presentation, and existing 
literature.



Neural Networks










• With the use of regression and 
random forest Sepsis Watch used 
millions of data points over 
hundreds of thousands of patient 
encounters to develop a 
classification model for patients at 
risk for sepsis. 

• Unlike many other models 
Sepsis Watch does not wait for 
clinical data to meet SEP bundle 
criteria before identification of 
patients. 









From Tools to 
Leadership
Now that we discussed what AI can do — let's talk about what it means for 
you as an ED operations leader.



Social Potpourri

Big Picture AI Topics Every ED Leader Should Know

Ethics

Fairness, transparency, and patient autonomy in AI-assisted care

Risk

Patient safety, error accountability, and quality oversight

Legal

Liability, malpractice, FDA regulation, and informed consent

Privacy

HIPAA in the age of AI



Ethical Considerations

Bias and Disparities

AI models trained on historically biased medical data may 
perpetuate or amplify disparities in care.

Transparency Challenges

Many LLMs are "black boxes" — their reasoning is not interpretable. 
Clinicians cannot always understand why an AI produced a given 
recommendation.

Patient Trust

Patients have a right to know when AI is involved in their care. 
Informed consent frameworks are still evolving.

Data Privacy

LLM platforms that store or process patient data must meet HIPAA 
and institutional data governance standards. Vendor agreements 
require careful legal review.



Risk & Patient Safety

Where Things Can Go Wrong

Alert Fatigue

AI-generated recommendations can 

overwhelm clinicians the same way CDS 

alerts do — automation bias means 

people may over-trust outputs

Hallucinations in Clinical 
Context

A confident, fluent wrong answer is 

more dangerous than no answer at all — 

always verify AI-generated clinical 

content

Model Drift

AI performance can degrade silently as 

patient populations or care patterns 

change — ongoing monitoring is 

essential



The Core Legal Principle

The treating physician retains full legal and professional 
responsibility for every clinical decision. 

Documentation generated or modified with AI assistance is 
part of the permanent medical record. It is subject to 
discovery in malpractice litigation and regulatory review.

Legal Considerations

Physician accountability is non-negotiable: Signing an 
AI-drafted note makes it your note. Review every word.

AI is decision support: Current regulatory frameworks 
classify LLMs as support tools, not autonomous clinical 
decision makers.

Documentation is discoverable: AI interaction logs, 
prompt histories, and generated notes may be 
subpoenaed. 



Privacy & HIPAA

Protecting Patient Data in an AI 
World

 Never

Enter PHI into consumer AI tools — these are not HIPAA-compliant

 Best Practice

Use hospital-approved AI environments with HIPAA-eligible 
infrastructure



Operational Considerations

Does It Improve Workflow?

Does the tool integrate seamlessly 
into existing clinical processes,?

Does It Reduce Burden?

Is there measurable evidence that the 
tool reduces documentation time, 
cognitive load, or administrative 
overhead?

Does It Improve Throughput?

Can the impact be traced to 
meaningful improvements in 
operational efficiency metrics?



Implementation Pearls

Start with Small Pilots

Select a single high-impact, low-risk use case. Limit the initial cohort 
to enthusiastic early adopters who will provide honest, constructive 
feedback.

Measure Outcomes

Define success metrics before launch and track them rigorously 
throughout the pilot.

Engage Stakeholders Early

Involve nurses, physicians, advanced practice providers, and IT from 
the outset. Frontline input shapes tools that actually fit the workflow.

Iterate and Refine

Treat the first version as a hypothesis. Use feedback to refine 
prompts, workflows, and interfaces before scaling across the 
department.



Medicine is changing, 
and so are our tools



Jason.Theiling@duke.edu
Lauren.Siewny@duke.edu

Thank You!
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Monitors vital signs continuously

Analyzes lab results in real-time

Reviews nursing documentation

Tracks telemetry data patterns

AI Monitoring Patients Continuously

AI models analyze vital signs, labs, nursing documentation, and telemetry data 
continuously to predict deterioration hours earlier.



AI Systems Are Becoming Autonomous

AI is moving from tools to agents. Agents can pursue goals, break work into tasks, 
search the internet, and run workflows autonomously.

Pursue Goals
Independently set and work toward objectives

Break Into Tasks
Decompose complex work into manageable steps

Search Internet
Access information and resources autonomously

Run Workflows
Execute complex processes end-to-end



AI Hiring Humans

In a safety experiment, an AI system encountered a CAPTCHA it could not solve, 
so it hired a human to complete the task, demonstrating that AI systems can 
identify obstacles and recruit humans to accomplish goals.



Create accounts autonomously
Search and analyze web 

content

AI Agent 
Network

Write and execute code Manage business operations

AI Agents Acting on the Internet

Autonomous AI agents can now create accounts, search the web, 
write code, and run businesses. Examples include systems like AutoGPT 
that operate across the internet autonomously.

● Create accounts autonomously without human intervention

● Search and analyze web content at scale

● Write and execute code for complex tasks

● Manage business operations end-to-end



AI Talking to Other AI

The internet is becoming a machine-to-machine ecosystem where AI systems 
increasingly interact with other AI systems, automated services, and digital 
platforms without direct human involvement.

● AI systems communicate autonomously across networks without human 
intervention

● Automated services exchange data and coordinate actions seamlessly

● Digital platforms enable continuous machine-to-machine interactions at scale

● The ecosystem evolves as AI agents learn from each other



What This Means for Healthcare



What AI Means for Healthcare Operations

If AI can discover antibiotics, solve protein structures, design drugs, and run autonomous 
workflows, what might it do in healthcare operations? Hospitals are complex operational 

environments perfectly suited for AI-driven optimization.

Discovers new 
antibiotics

Solves protein 
structures

Designs drugs 
rapidly

Runs autonomous 
workflows



Hospitals Are Complex Systems

Hospitals coordinate thousands of patients, hundreds of clinicians, limited beds, and 
competing priorities. This operational complexity makes them ideal environments for AI 
optimization.

Thousands of Patients

Daily patient volume

Hundreds of Clinicians

Medical staff coordination

Limited Bed Capacity

Resource constraints

Competing Priorities

Constant decision trade-offs

● Multiple stakeholders requiring real-time coordination across departments

● Resource constraints creating continuous optimization challenges

● Dynamic conditions where priorities shift minute by minute



The Operational Opportunity

AI can help predict and optimize patient arrivals, ED crowding, bed utilization, 
staffing needs, and patient deterioration, moving hospitals from reactive to 
predictive operations.

● Predicts patient arrivals

● Optimizes ED crowding

● Improves bed utilization

● Forecasts staffing needs

● Detects patient deterioration early



The Core Idea

AI may become the operating system of hospitals - predicting problems, 
coordinating resources, and supporting clinical decision making. If AI can map 

every protein on Earth, it can help run complex operational systems like hospitals.
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Linear Regression



Linear Regression
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• Product Name: Sepsis Watch

o Manufacturer: Duke Institute for Health 
Innovation

o Description: AI early warning system for sepsis 
detection, monitoring patient data to predict 
onset.

o ML Model Used: logistic regression and random 
forest/decision trees for alert generation.

o Potential Issues: False alarms; clinician alert 
fatigue.

o Website: dukehealth.org

Sepsis Watch

Emergency 
Medicine

http://dukehealth.org/


From Clusters to Decisions

Uncovering Patient Groups
Clustering techniques reveal hidden groups in 
radiology data, defining structural patterns to 
support analysis.

Assigning Patients with Random Forest
Random Forest models assign new patients to 
identified groups, operationalizing clinical 
insights for diagnosis.

Streamlining Clinical Decisions
This method bridges structural data discovery 
with actionable clinical decision-making, 
enhancing diagnostic workflow.



Neural Networks



Deep Learning: 
Advanced Neural 
Networks

• Definition: A subset of machine learning 
using multi-layered artificial neural 
networks that mimic the human brain.

• How it Works: Deep learning models learn 
complex patterns by processing vast 
amounts of medical data through layers of 
connected neurons.



Deep Learning: 
Advanced Neural 
Networks

Common Algorithms:
• Convolutional Neural Networks (CNNs)
• Recurrent Neural Networks (RNNs) & 

Long Short-Term Memory (LSTMs)
• Autoencoders

Applications in Healthcare:
• Disease Diagnosis
• Patient Outcome Prediction
• Personalized Treatment Plans







https://www.shutterstock.com/video/clip-1083253399-
seamless-looping-animation-convolutional-neural-network-
endless?trackingId=89a880c7-bbae-4f68-b5b8-
3df67f56229f&listId=searchResultsç
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