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Introduction to Al and
Generative Al



What is Artificial Intelligence (AI)?

e “Artificial Intelligence refers to the development of computer algorithms that can perform tasks that typically
require human intelligence, such as learning, reasoning, perception, and decision making” (ChatGPT)

e Alis based on machine learning algorithms and other computational techniques:

)
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Probabilistic Reasoning
Machine Learning

Predictive Modeling

Deep Learning

Decision Trees

Computational Logic
Rule-Based Systems

Logic Programming
Heuristic Techniques

Case Based Reasoning

Optimization Techniques
Constraint Satisfaction
Constraint-Based Reasoning
Linear Programming

Genetic Algorithms

J’ Agent Based
Orchestration

Perception Systems/Ambient

Intelligence
Computer Vision
Olfactive & Haptic
Auditory/Speech

Knowledge Representation,

Learning/Search
Knowledge Graphs
Semantic Networks

Natural Language Processing
Text Analytics

Natural Language Understanding
Chatbots

Natural Language Generation

Dialog Management



Two Types of Artificial Intelligence
1. Analytical Al

Analyze datasets to reveal novel insights
* Classification
* Prediction
* Recognition
* Other models

Analytical Al Example: Segmentation of Gl Polyps
Use deep learning convolutional neural networks (CNNs) to identify gastrointestinal polyps

Jha D, Smedsrud PH, Riegler MA, et al. Kvasir-SEG: A Segmented Polyp Dataset, arXiv:1911.07069v1 [eess.IV] 16 Nov 2019



Two Types of Artificial Intelligence

2. Generative Al

Generate novel content informed by training dataset
* Summarization
e Generation
* Interaction

Generative Al Examples:
e Text (Bard, ChatGPT)
* Images (DALL-E2)
* Code (Github Copilot)
* Video/Speech (Synthesia)

)

Image Credit: DALL-E, remote lecture on Al
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Generative Al: ChatGPT

What is GPT?

)
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Large language model (LLM) chatbot developed by
OpenAl based on generative pre-trained transformer
(GPT)-3.5

LLMs predict the next word in a series of words in a
sentence and the next sentences

GPT-3 has 175 billion parameters and was trained
on ~45 terabytes of text and information from the
internet

Also trained using human feedback (a technique
called Reinforcement Learning with Human
Feedback) so that the Al learned what humans
expected when they asked a question

Interacts in a text-based conversational way

What is ChatGPT?
(As answered by ChatGPT)

=]

What is ChatGPT?

| am ChatGPT, a large language model developed by OpenAl. | have been trained on a
massive dataset of text using deep learning techniques, which allows me to understand
and generate human-like responses to a wide range of questions and prompts. As a

language model, my primary function is to generate natural language responses to user

inputs, whether they are in the form of text or speech. | can assist with a variety of tasks,

from answering questions and providing information to engaging in conversations and

even generating creative writing prompts or stories.

https://hai.stanford.edu/news/how-large-language-models-will-transform-science-society-and-ai

https://www.usatoday.com/story/news/health/2023/02/26/chatgpt-medical-care-doctors/11253952002/

https://www.statnews.com/2023/02/13/chatgpt-assisted-diagnosis/
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https://hai.stanford.edu/news/how-large-language-models-will-transform-science-society-and-ai
https://www.usatoday.com/story/news/health/2023/02/26/chatgpt-medical-care-doctors/11253952002/
https://www.statnews.com/2023/02/13/chatgpt-assisted-diagnosis/

Generative Al: ChatGPT
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Early Success Limitations

Performed at or near the passing threshold ChatGPT sometimes writes plausible-sounding
(60%) on the US Medical Licensing Examination but incorrect or nonsensical answers
(USMLE)

Can exhibit undesirable behavior, including
Performed better than other Symptom Checkers known racial, gender, and religious biases

on standard clinical vignettes
Sensitive to tweaks in the input phrasing or

attempting the same prompt multiple times

https://hai.stanford.edu/news/how-large-language-models-will-transform-science-society-and-ai
https://www.usatoday.com/story/news/health/2023/02/26/chatgpt-medical-care-doctors/11253952002/
https://www.statnews.com/2023/02/13/chatgpt-assisted-diagnosis/
https://journals.plos.org/digitalhealth/article?id=10.1371/journal.pdig.0000198
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https://hai.stanford.edu/news/how-large-language-models-will-transform-science-society-and-ai
https://www.usatoday.com/story/news/health/2023/02/26/chatgpt-medical-care-doctors/11253952002/
https://www.statnews.com/2023/02/13/chatgpt-assisted-diagnosis/
https://journals.plos.org/digitalhealth/article?id=10.1371/journal.pdig.0000198

GPT-4 Multimodal Model with Improved Performance

= GPT4 is a large multimodal model that foxamn resests (ordored by GIT 5.3 perfonuance) e m
can process image and text inputs and Essimatad parcantis lreor b (Smong et takars) GFT 4 (n dxien) 8

PO =

produce text outputs -

= |mproved ability to understand and
generate natural language text, in
more complex and nuanced scenarios

= |Improved performance on simulated
bar exam (top 10% vs GPT-3.5 in
bottom 10%)

= Similar limitations to prior GPT
models

)

https://cdn.openai.com/papers/gpt-4.pdf 12
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Accuracy of GPT4 for Complex Diagnostic Challenge L)

* New England-lournal Of Medicine cIinico-pathoIogic Figure. Performance of Generative Pre-trained Transformer 4 (GPT-4)
conferences from Jan 2021 — Dec 2022 (only diagnostic .
dilemmas)
 Qutcome: model’s top diagnosis matched the final case 1
diagnosis (5-point scale) g 30-
* Results: § "
o GPT4 top diagnosis agreed with the final diagnosis in 39% -
(27/70) of cases. 101
o In 64% of cases (45/70), the model included the final — .
diagnosis in its differential 0 o = 3 p p

Score

* Compares favorably with existing differential diagnosis

genera tors Histogram of GPT-4's performance. Performance scale scores (Bond et al®):
5 = the actual diagnosis was suggested in the differential; 4 = the suggestions

Ge ne rative A| iS a prO m ISI ng a d] unctto h uman Cogn |t|0 N | N included something very close, but not exact; 3 = the suggestions included
something closely related that might have been helpful; 2 = the suggestions

d ia g nos | S included something related, but unlikely to be helpful; O = no suggestions close
to the target diagnosis. (The scale does not contain a score of 1.)

)

Kanjee Z, Crowe B, Rodman A. Accuracy of a Generative Artificial Intelligence Model in a Complex Diagnostic Challenge. JAMA. 2023 Jul 3;330(1):78-80. doi:
10.1001/jama.2023.8288. PMID: 37318797; PMCID: PMC10273128.
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The Age of Al has Begun

“In my lifetime, I've seen two demonstrations of technology that struck me as revolutionary.” Bill Gates
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ChatGPT

What is ChatGPT?

| am ChatGPT, a large language model developed by OpenAl. | have been trained on a
massive dataset of text using deep learning techniques, which allows me to understand
and generate human-like responses to a wide range of questions and prompts. As a
language model, my primary function is to generate natural language responses to user
inputs, whether they are in the form of text or speech. | can assist with a variety of tasks,
from answering questions and providing information to engaging in conversations and

even generating creative writing prompts or stories.

Gates, B. The Age of Al has begun. GatesNotes: https://www.gatesnotes.com/The-Age-of-Al-Has-Begun. March 21, 2023
https://www.theguardian.com/technology/2014/oct/02/from-windows-1-to-windows-10-29-years-of-windows-evolution
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Al is Approaching Human Abilities
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Facial Recognition

Natural Language

But then, in his haste,
he got into a fight.
He had some emails that he sent

that weren't quite polite.

The SEC said, “Musk,
your tweets are a blight.

Complex Tasks

Google Photos can match infants to
children and adults, almost flawlessly

GPT-3 generated a Dr. Seuss poem about
Elon Musk upon request

Waymo alone has driven >20M miles
autonomously on public roads

Left: Presenter | Middle: https://www.vox.com/future-perfect/21355768/gpt-3-ai-openai-turing-test-language |
Right: https://venturebeat.com/2020/01/06/waymos-autonomous-cars-have-driven-20-million-miles-on-public-roads/

Credit Gaurav Singal, MD
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The Opportunity for Technology in Healthcare
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Advancing
Health Equity

[
Improving h — Enhancing
Population I3 Patient

Health . °
ealt | @ Experience

Addressing
Healthcare
Worker Burnout

Lowering
Costs

Health Affairs 27, no.3 (2008):759-769
http://www.ihi.org/Engage/Initiatives/TripleAim/pages/default.aspx
https://www.ahah.net/who-we-are/tripleaim.png

Ann Fam Med. 2014 Nov; 12(6): 573-576.

Photo Credit: Accolade: https://www.accolade.com/health-equity/

17



The Opportunity for Al in Healthcare

We are scratching the surface of applying Al to address the Quintuple Aim and MGB Strategy

Sample Al Use Cases by Risk

Clinical
Workflow

Clinical
Decision Triage / Advice
Support

Contact Center

Care : :
Diagnostics
Management

I

Lower Risk Higher Risk

)

l
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The Healthcare AI Landscape
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Opportunities for LLMs in Healthcare

For medical For
professionals patients

)
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Mesko, Bertalan, and Eric J. Topol. "The imperative for regulatory oversight of large language models (or generative Al) in healthcare." npj Digital Medicine 6.1 (2023): 120.

Credit: Agustina Saenz

clinical
documentation

creating
discharge
summaries

generating
clinical
notes

insurance pre-
authorization

summarizing
research papers

radiology
interpretation

suggesting
treatment
options

designing
treatment
plans

diagnostic
assistance

medical
triage

analyzing
laboratory
results

disease
descriptions

interpreting
physician notes

personalized
health recom-
mendations

health risk
prediction

1=

symptom
assessment

analyzing
wearables'
data

mental
health
chatbot

medication
adherence

rehabilitation
guidance
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The Opportunity for Generative Al in Healthcare

Market may hit $800-900 billion by 2030

Healthcare use-cases are expected to make R
up 25% of the generative Al market by 2023 IR T e Tt Ty Ao

Top projected medical cases:
-healthcare analytics
-documentation
-customer interaction
-medical simulation/education
-decision support
~clinical trials
-d rug development 2022 2024 2026 2028 2030

—
e}
o
~
-
=
<
<
>
<
-4

)

https://www.fortunebusinessinsights.com/generative-ai-market-107837
https://www.bloomberg.com/company/press/generative-ai-to-become-a-1-3-trillion-market-by-2032-research-finds/

\

% of Total Technology Spend
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Gen Al is largely at the Gartner Peak of Inflated Expectations
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Synthetic Data

Smart Robots
Foundation Models —
|

Responsible Al
Generative Al

fge Al

ghowledge Graphs

Operational Al Systems

Al TRiSM
Composite Al

Natural Language Processing

Digital Ethics
Decision Intelligence

Expectations

Al Maker and

Al Engineering Teaching Kits

Data-Centric Al Computer Vision
Al Cloud Services

Causal Al

Data Labeling and Annctation
Intelligent Applications

Physics-Informed Al

Artificial Autonomous Vehicles

General
Intelligence
Peak of
Innovation Inflated Trough of Slope of
Trigger Expectations Disillusionment Enlightenment

Plateau of
Productivity

Time

Plateau will be reached:

() less than 2 years @ 2to5years @ 5 to 10 years A more than 10 years

(%) obsolete before plateau

Source: 2022 Hype Cycle of Al, Gartner

As of July 2022
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High Impact Gen Al Use Cases at MGB

High Impact Use Cases

GOVERNANCE FY24 FY25

TECHNICAL INFRASTRUCTURE ~ # Azure Al Studio /4 Azure @ Epic

CARE TEAM EXPERIENCE

Reduce administrative burden / optimize
use of staff time
Decrease burnout

EMPLOYEE EXPERIENCE

. Facilitate use of Al as business
efficiency tool
. Simplify administrative functions

Q PATIENT EXPERIENCE

JB . Improve access to care
1 . Streamline interactions with health system

RESEARCHER EXPERIENCE

& ¢ Increase research efficiency
. Support safe and secure investigation

)

\

Ambient Documentation __
InBasket Draft Responses
Chart Summarization —

Microsoft Copilot for

- ]
Office 365

IS Service Desk InfoBot (T

cAl for engagement
and self-service

Azure Al Studio
Azure LLM APIs

@» = Scaling @D - Pilot & Evaluation 23



Clinical trial informed approach to implementing Al

Phase I: Safety

Evaluate safety
Design workflows

Engaged stakeholders

)

\

&

Phase Il: Efficacy

Refine workflows

Assess impact:

e Quality (incl equity)
e Efficiency

e Financial

Phase lll: Effectiveness

Scale

Compare to
standards

Design best practice
workflows /
implementation
guides

Monitor safety,
workflow, impact

Phase IV: Monitor

Monitor safety,
workflow, impact

Disseminate / share
outcomes, best
practices

Ongoing technology
evolution

High Impact Use Cases
g P I.-

(after model statistical evaluation and responsible use of Al assessment)

24



Combating Provider
Burnout

InBasket Optimization
Ambient Documentation



Burnout is one of the biggest challenges in healthcare: highly

prevalent and multi-factorial

Physician burnout is one of our most significant Reduced patient access, patient safety risks, and
challenges: 60+% of physicians morbidity of individual physicians
Family Responsibilities Time Pressure

G @

[

1L
Chaotic 2 6 hours

Environment <

Physicians with £ 5 hours of after-hours charting per week were 2x as likely to report
lower burnout than those with 2 6 hours

Low Control

of Pace
=
111 Linzer et al. JAMA Health Forum. 2022;3(11):e224163. doi:10.1001/jamahealthforum.2022.4163
— Graphic (AHRQ): https://www.ahrg.gov/prevention/clinician/ahrg-works/burnout/index.html
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Can we use
technology to put
humanism back in
healthcare?
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Generative Al for In Basket Draft Responses

— ()

Addressing In Basket Burden

* ~2.4 million patients on MyChart (August 2023) | & Drafted Response = Al
* ~3.3 million MyChart messages/month ‘.. Hello George,
« ) Congrats on becoming a grandpa' Regarding

GPT-4 driven In Basket draft replies to patients
based on chart data.

your concern, it's important to maintain good

George Smith hygiene practices. However, if you have

65 years old specific concerns about your aortic valve or
your overall health, | recommend scheduling
Specific prompts have been engineered to handle an appointment.
generating draft responses for: Best
* Medication refills Dr. Walker
* Letter requests
e Test result responses 2 Start with Draft Start Blank Reply

* General messages

Hi Dr. Walker,

| forgot to tell you I'm a new grandpa! She's
adorable but also frequently sick. Do | need
to be concerned that being around her

)

v
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Early Results & Feedback
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Piloted for 3 months with 5 MGB primary care sites

Initial high utilization and excitement has dwindled
over time (currently only used for ~10% of

responses)

* Average draft rating of 4.7/10

* Consideration of best user- content may be more
applicable to nurses and front desk staff

* ‘Voice of clinician’ not captured; spending more
time on editing

* Reverted to starting with blank draft since does not
fit with workflow of message response (cultural &
usability)

Have the drafted replies to patient messages
impacted your workload?

m Significantly decreased
workload

m Slightly decreased
workload

m No significant impact
m Slight increased workload

m Significantly increased
workload

Would you recommend the Al drafts to
other colleagues?

m Strongly
recommend

m Somewhat
recommend

m Somewhat do not
recommend

m Strongly do not
recommend




Artificial Intelligence—Generated Draft Replies

* 5-week, prospective, single-group quality improvement study (pre and post)

e 197 clinicians enrolled in pilot; 162 included in study analysis

* Mean Al-generated draft reply utilization across clinicians was 20%

* No change in reply action time, write time, or read time

e Statistically significant reductions in the 4-item physician task load score and work
exhaustion scores

Table 2. Draft Utilization per Clinician Stratified by Specialty and Role

Mean (SD)
Reply action
Reply action count with draft  Draft used Draft utilization
Specialty and role count available count rate
Overall 79.3 (95.5) 59.4 (72.6) 8.6 (16.9) 0.203 (0.268)
Primary care 98.5 (84.4) 74.1 (62.9) 9.3(11.3) 0.176 (0.212)
Physician and APP 102.0 (75.5) 78.5(61.0) 9.9(11.9) 0.153(0.185)
Nurse 164.8 (215.0) 97.0(109.0) 5.0(6.8) 0.111(0.136)
Clinical pharmacist 29.5 (26.0) 17.4 (15.9) 5.1(3.8) 0.444 (0.317)
Gastroenterology and hepatology 52.8(103.9) 39.1(80.3) 7.6(22.6) 0.250(0.342)
Physician and APP 19.3 (33.2) 12.9 (20.6) 1.1(1.8) 0.240 (0.365)
I v vt oo o s MSUSEy BILGBY SN 009
—

doi:10.1001/jamanetworkopen.2024.3201



Ambient
Documentation



Technology to Improve Provider Documentation Burden

& 2

Voice Recognition Scribes Ambient Documentation
(in-person or virtual)

)

\
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Using Generative Al to Summarize Patient Visits into Clinical

Documentation

Ambient documentation (sans scribe review) is rapidly improving due to advanced machine learning,
including new generative Al/large language models

Patient
.."..'.

N

|.||.||.
Provider

)

\

...The pain is just in the
small of my back. It’s also
very stiff and it hurts to
bend over...

...The muscles on either
side of your lower spine
are in Spasm. The spine
itself is non-tender. And
your feflexes and sensation
are normal...

Al generated
clinical note

Provider
reviews and
signs note in

EHR

33



Initial Pilot Outcomes

Proof of Concept with 18 Mass General Brigham physicians
* Recorded 400+ sessions

e Average time to draft note ready = 1.5 minutes

* 91% of drafted text is retained by the user

Feedback: Epic integration crucial for workflow efficiency

Pilot of sufficient scale needed to assess for satisfaction,
efficiency, ROI

)
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History of Present lliness

Got it. Do you have any palpitations, swelling
-

"When using Abridge during a visit, | have
noticed that | am able to have more face-to-
face time with my patients, rather than
staring at my computer screen”

- Physician POC participant

34




Pilot: Two platforms across ~800 Phy
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Today

10:45 AM

Say a few helpful descriptors to identify this
encounter, such as age, and reason for visit.

045

DAX is listening

QQNUANCE

il T -
Today il ¥
< oas

10:45 AM

@

HISTORY OF PRESENT ILLNESS

The patient is a 34-year-old fema

anxiety and stress. o Summ.

She is feeling anxious and stressq .
hard time keeping her calm. The [_f 3 Last 3caps |
off, she feels like she s losing het
threshold 1o cakm, She is more af
has done self seflecting pracice.
any benter. She has been feeling |
manth, She 5 Nt tried ary oth
on a medication for anxiety  cou
she can not remember the name
thoughts of suicide. She has a ha
he LLays askeep for 6
usic to fall asleep, S
a5 10 S10P BOING 10 e £

but she

SOCIAL HISTORY ~

annusl physical,

iOS Haiku integrated

aries

caNGer, Now In remissic

Ambulatory visits only

0 To Review

et ava  Uver
Pamela Placeholder
DOB: 09.09.1995

Oct. 10,2023  05:46 PM
Donna Demo
DOB: 05.05.2010

0ct. 10,2023 06:16 PM
Rachel Record
DOB: 10.10.1940

0ct. 10,2023 06:56 PM
Patricia Participant
DOB: 07.071975

Oct. 10,2023  07:09 PM
John Doe

Oct. 19,2023 01:26 PM
John Doe

Oct. 19,2023  01:41PM

[LPTVRE SN

€ PrevPage

Note Archive

veo ey
os7 (O
00 O
2 0
w35 O
o004 O
006 (O

Select All

«

sicians and A

abridge

Copy All

Add content to this section
Review of Systems

Constitutional:

- Confirms fatigue

Cardiovascular:

- Confirms swelling in legs

- Denies chest pain or pressure

Respiratory:

- Confirms waking up at night with shortness of breath
Neurologic:

- Denies lightheadedness

Assessment & Plan

Congestive Heart Failure (CHF): Patient reports worsening shortness of breath,
leg swelling, and nocturnal dyspnea over the past week.

- Schedule an office visit for a physical exam, EKG, and echocardiogram,
-Ilopent blood work including BMP and CBC.

- Discuss the importance of weight monitoring and dietary changes with a
dietician,

Chronic Kidney Disease (CKD): Patient was advised to stop Lasix due to
concerns about kidney function.

- Monitor kidney function closely and adjust medications as necessary.
Uncontrolled Diabetes: Patient's diabetes is not well-controlled, contributing to
their overall health issues.

- Initiate insulin therapy and provide education on insulin administration,

- Schedule a nurse visit to discuss insulin management.

Follow-up in the office as soon as possible.

How was the quality of the generated note? Q Q Q Q Q

» oo0®

S

» Bota Coding Transcript

Beta

Finding Evidence... (1)

Al right, well, Shahji, you're my patient and,
um, | heard you're having some shortness of

breath.

Tell me what's going on.

Oh, yeah,

I have a lot of shortness of breath..

When | walk up the stairs or when | walk
on flat ground, | get swelling in my legs.

Oh, my goodness.

Sometimes | wake up at night short of
breath, too, so.

Oh, my gosh,

Yeah.

How long has this been going on for?

Like 3 months.

Wow.

301 Complete & Send

iOS or Android not integrated (planned June 2024)

Any care setting

Spanish concordant visits

[






Ambient Clinical Documentation

= WORKLIST

Mit course example

] oCT17,2024

(_
o

10:46 AM 5:54 E

Mit course example

History of Present lliness

The patient, with a history of recurrent knee injuries, presents with right knee pain that began a few weeks ago after a run. They deny any specific trauma
or fall, but noticed the pain upon completion of their run. The pain has persisted since then, and is particularly noticeable when running or walking at
certain angles. They have been managing the pain with Advil and previous physical therapy exercises, but report no improvement. The patient has a
history of annual knee injuries, each affecting a different part of the knee. They have had multiple x-rays, but no MRl or CT scans. They have seen an
orthopedist annually, and have been recommended cortisone injections, but have not received any. After each injury. they have undergone physical

therapy, which typically resclves the issue after a few months. They deny any other medical issues or medications, and work a sedentary job in
consulting.

Physical Exam
VITALS: T- 98.3, P- 68, BP- 118/68, RR- 20, 5a02- 98%
MUSCULOSKELETAL: Pain upon palpation in the middle of the knee, directly on the bone. Mild pain with knee flexion. Normal gait observed. Anterior draw
test negative. Collateral ligaments intact. Profusion and pulses 2+ in the extremity.
Results
Click to add content to this section

Assessment & Plan

Right Knee Pain

Pain for several weeks after running, no trauma. Pain on extension and palpation of the knee. History of recurrent knee injuries. No prior imaging beyond X-
rays.

-Order MRI of the right knee to evaluate for possible strain or partial tear.

Urn, what brings you in today?

Uh, my knees hurt.

Your knees hurt?

Yeah.

Umn, both of your knees?

Uh, well, my right knee hurts.

Your right knee?

Yeah.
-Refer to orthopedist for further evaluation.
ABRIDGE - THEY/THEM A COPY ALL MARK AS DONE X} Pp ocooe 554  1x
—
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Ambient Pilot Volunteers Span Sites and Departments
weighted to medicine (60%) and AMCs (60%)

Med |Surgical/ Pedi ED/ | Rad Pedi Home

Medicine|Specialties| Anesth | Psych |Specialty [Urgent| Onc | Primary | Neuro |Hospital Total
BWH 36 49 39 7 16 11 1 1 160 (20%)
Comm.
Hospitals 91 80 33 9 4 10 1 4 1 233 (29%)
MEE 8 8
MGB MG 41 12 5 14 1 3 76
MGH 64 95 54 15 12 49 1 7 25 322 (40%)
SRN 10 1 11
MclLean 1 4 5
Grand 232 255 131 89
Total (28%) (31%) (16%) 36 16 (11%)| 12 10 33 1 815

)

\
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(Ambient) is truly life changing for me. |
conduct over 50% of my visits in Spanish and
documentation has always been a struggle for
me. There is a huge weight off my shoulders

\ at the end of the day. -Pedia&

I'm realizing how much I’'m doing
for my patients.” - Neurologist

I’'m addicted. | want it to be a part of every
encounter | have. - Neurologist

I look at the patient’s eyes and that is magical. IE

\_

—

In short this is the greatest change to my practice of

medicine in the 26 years | have been working. | can

never go back and again am enjoying my job rather
than dreading being behind on notes. - Urologist

J

)

\

| am in love with (ambient). Already | am much
less likely to change careers in the next year.
- Primary Care (after 2 days of use)

I’'m still typing because what if there’s a bug
that it doesn’t work. Then I've looked at the
(ambient) note and it’s perfect, so | delete
everything | typed. - Primary Care

J

~

| spent a lot of time explaining to my

patients why they weren’t having an
emergency...and very little of that made it
into my note. | would like to see more of

that in my note. - Emergency Medicine y

(Ambient) is a complete game changer. The first time in 5
years can | actually finish my notes on the day of clinic and
it allows me to focus on the patient conversation rather

than on documentation. - Orthopedic Surgeon

- .




Generative Al Pilot Assessment Approach

— — 9

v — mlE
v — — @ .......
v— <]
v - 1T
Validity / safety Efficiency and satisfaction
* User survey, focus groups e User EHR efficiency: pajama
« Epic data on clinician time, notes completed same
marking draft as useful or day, total documentation
not time, total EHR time, IB
message latency time, total

* Epic data on usage of Draft

IB time
Reply without further editing

* Satisfaction survey

ROI: clinician well-being,
revenue
User survey
Pajama time
Visit volume
CPT billing
Risk adjustment
Future: Patient Experience

If first gate of validity and safety are passed, we will seek to expand the pilot to

50-100 users to assess for efficiency, satisfaction, and ROI
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Initial feedback: significant usage and positive experience

June Usaget Day 54 user survey: poor (1) to excellent (5)
42%
31% 3.6 339 3.62
. I 3.29 - 3.06 I 3.32
% visits used among Quality Usability Time savings™
ambient users m Vendor A (n=132) m Vendor B (n=117)

1% of ambulatory visits among ambient users where ambient documentation was used; based on vendor usage data for providers with
denominator available (Vendor A n=86, Vendor B n=85)
*QObjective data available September 2024 41

)
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Ambient documentation has significant impact on
documentation burden, rapport, and burnout

p
p
3 burnout**
no longer
charting

after hours*

, Z= S— Intent to stay: 62%
Usage 38% Of report more likely to
Ambulatory visitst extend length of career

*Reported by providers who completed both pre-pilot and post-pilot surveys (n=124)
**% reporting burnout by PFI cut-off at 6 weeks (n = 223), p < 0.0001

***Reported by providers in the 12-week post-pilot survey (n=152)

tDuring June, for active providers who have used Ambient for at least 5 encounters

)

\

€9

attention to

patients***

LR e T ’.."

»43“

Note quallty 3. 5/5
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Ambient Documentation for Nursing
Flowsheet Row (Structured Documentation) Needs to be Addressed

E t : a ©

Return To jom t Docisnent o s I Suspend
'8 Fisher,Amy Full Code EB0000032984 TA00006606
L . @ 74 F 04/23/1945 1.55m 150Ib 6.3490z BSA:1.74mz BMI:28.4kg/mz 100007280
1 ADMIN 95 954-1 Allergy/Adv: calcium carbonate
o || @ [ 4 | [z || taunch | ; Rate P
l g ‘I » o ‘ % ‘ = ‘ ’Oblx Monitor * ‘ X [Q, [ ~& ":J 20 Preclslon‘ j Close Save‘
.+ R Acknowledge Orders + Next Task @ + Bedside Bulletin o™
« ] 1>
[Ttems v| [TW Tue Mar 3 Tue Mar 3 Tue Mar 3 Tue Mar 3 Tue Mar 3 Tue Mar 3 Tue Mar 3 Tue Mar 3 Tue Mar 3 Tue Mar 3
3 ‘:+ Air . 03:000] 04:0004] 05:0004] 06:0 07:0004 08:0004] 09:0004] 10:0064] 11:004 12:0004] Now
Waveform
= Vital Signs (Complete) (1h) Never Captured BID 2044
.+ Temperature
~/Pulse
Pulse Rate (60-90b.. [95H v [95H v [92H v [90 v 85 v [96H v J95H v |88 v [93H v [95H v -
Location - - - - - v - - - - -
¥ Rhy[hm - - - - v A4 - A4 4 A4 w

|= Respirations
Respiratory Rate (12... |25 H » 20 W 21 v 25 H v 26 H Y 27 H v 25H v 24 v 23 v 25H v v
Pulse Oximetry (95

- - - - - - - - - - -
v Oxygen Delivery ... - - - - - v v v v - v
Flow Rate (L/min) v v - v - v - v v v v
|+ Blood Pressure
|= Mechanical Ventilator (1h) Never Captured 2091
~ Vent Settings
Ventilator Mode VC-CMV v  |[VCC.. v [VCC.. v [VCC.. v |VCC.. v [VCC.. v [VCC.. v |VCC.. v [VCC.. v |VCC.. « v
Respiratory Rate Set... | 14 v (14 v 14 v |14 v |14 v |14 v |14 v |14 v |14 v |14 v -
Tidal Volume Setting... 600 v 600 v 600 v 600 v 600 v 600 v 600 » 600 - 600 v 600 v v
FIO2 Setting (%) 50 v |50 v |50 v |50 v |50 v |50 v 50 v |50 v 50 v |50 - -
PEEP Setting (cm H2... 5 v S v 5 v 5 v 5 v 5 v 5 v 5 v S - 5 v -
CPAP Setting (cm H2... v - v v v v v - - - -
Pressure Support Se... - - v - v v - v v v v

Measured Patient Data
.~ /Calculated Patient Data

Static Lung Complia...

Dynamic Lung Comp...  62.22 62.22 62.22 62.22 62.22 62.22 62.22 62.22 62.22 62.22
|=/Vent Checks

w Ventllator Checks

\+ Intake & Output (C)
= Infusions/ Titrations
Propofol 100 ml @ 5 MCG/KG/MIN 2.047 mis/hr IV TITR PRN
|=/Current Dose: 40 mcg/kg/min, 16.373 mis/hr
%] 000026658 (M)(F)(1Til4m
= Assessment
~ Patient Descr... - - - - - - - - - v -

e
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What is Needed to Advance Healthcare AI?

Reliability Safety

Bias Privacy/Security Transparency Informed Consent

)

\
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Questions for the Group

Ethical Guidelines and Governance Frameworks
* How are your organizations governing Al?
 What additional frameworks or tools are needed to advance Al in healthcare?

Potential Impact on Healthcare Systems and Society
* What do you think the impact of Al will be on Health care and Health in the short and long-term?

Future Directions for Al in Healthcare

* We all talked about current applications of Al in healthcare, what will future applications of Al in health look
like?

)

\
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