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OBJECTIVES

• Explain basic terminology for AI in healthcare.
• Describe major use cases of generative AI for clinician experience.
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Caveats

AI sampler, by no means comprehensive

Ongoing, rapidly evolving space

Mass General Brigham | Digital
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Introduction to AI in Healthcare

AI for Clinician Experience

Other Specialty Applications

Outline

Mass General Brigham | Digital



Introduction to AI in 
Healthcare
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AI Overview

Mass General Brigham | Digital

Impact in healthcare 
– broad across 
patient care, 

research, education. 
Estimated ~5% of US 
companies using AI 

for healthcare based 
on 2023-2025 US 

Census Bureau data. 

Opportunity for clinicians:
• Challenging time in healthcare with high 

levels of burnout
• Healthcare systems using AI as a tool in 

toolkit to address challenges in 
healthcare

• As clinicians - not the time to take a 
backseat on this technology

• Ask questions, get involved
• Learn more about gen AI:

• Introduction to AI post 2022, Isaac 
Kohane (HMS, Department of 
Biomedical Informatics): 
https://www.zaklab.org/blog/resour
ces-for-introduction-to-ai-post-
2022/

• Generative AI for Healthcare, Yao 
and Videk (Stanford): 
https://youtu.be/eLAq8yzvu8Q?si=i
_-yFoF-C04tZ-4u

Source: 
https://commons.wikimedia.org/wiki/File:AI_rel
ation_to_Generative_Models_subset,_venn_dia
gram.png
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Machine 
Learning

Supervised 
Learning

Unsupervised 
Learning

Reinforcement 
Learning

Semi-
supervised 
Learning

Paradigms

Machine Learning

Mass General Brigham | Digital

• Supervised
• Labeled dataset
• E.g. set of cat vs dog photos, training a 

model to distinguish between the two
• Unsupervised

• Unlabeled dataset to make inferences
• E.g. unlabeled food photos -> might 

cluster ‘sweet’ vs ‘savory’ foods, might 
cluster based on color

• Reinforcement
• ‘Reward’ or ‘penalty’ to try to nudge 

system to a metric
• E.g. training a robot to not hit objects 

in a room.
• Semi-supervised

• Hybrid of supervised and 
unsupervised – you get some labeled 
data and a larger pool of unlabeled 
data

• Use unsupervised learning to cluster 
data, then supervised to label after



10

Deep Learning: subset of machine 
learning that uses ‘layers’ of nodes to 
learn from data

Large Language Models: statistical 
language model, often with deep learning 
architecture. 

Generative AI: deep learning models with 
input of large amounts of data, outputs 
text/images based on statistical likelihood 
(think very sophisticated auto-complete)

Deep Learning and Generative AI

Mass General Brigham | Digital
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Common metrics:
- Accuracy (correct predictions / total 

predictions)
- Recall aka sensitivity (true positives / true 

positives + false negatives)
- Precision (true positives / positive predictions)
- F1 score – blend of precision and recall

For classification models
- ROC curve – receiver operating characteristic 

curve – plots true positive rate to true 
negative rate, area under the curve

https://en.wikipedia.org/wiki/File:Roc_curve.svg

Machine Learning Model Performance

Mass General Brigham | Digital
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Why is Generative AI a Different Beast in Healthcare?

High stakes – patient safety, data, privacy, 
ethics, medicolegal

Complexity, data messiness

Less deterministic

Data volume/computing power

Shift to rapid tech evolution

Ongoing multidisciplinary evaluation

Mass General Brigham | Digital
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Q : What is the difference between supervised and 
unsupervised learning? 

A. Supervised learning involves clustering, while unsupervised learning uses a reward-penalty 
system.

B. Supervised learning uses a labeled dataset, while unsupervised learning uses unlabeled data.

C. Supervised learning only learns from large numbers of images, while unsupervised learning uses 
multiple types of data inputs including text and images.

D. Supervised learning uses HIPAA-compliant data, whereas unsupervised learning uses publicly 
available data.

Mass General Brigham | Digital
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Q : What is the difference between supervised and 
unsupervised learning? 

A. Supervised learning involves clustering, while unsupervised learning uses a reward-penalty 
system. → K-means clustering is an unsupervised machine learning algorithm; reinforcement 
learning uses a reward-penalty system.

B. Supervised learning uses a labeled dataset, while unsupervised learning uses unlabeled data.

C. Supervised learning only learns from large numbers of images, while unsupervised learning uses 
multiple types of data inputs including text and images. → Multimodal models use multiple data 
types.

D. Supervised learning uses HIPAA-compliant data, whereas unsupervised learning uses publicly 
available data. → Supervised versus unsupervised learning is unrelated to the privacy/security of the 
data.

Mass General Brigham | Digital



AI for Clinician Experience
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AI for Clinician Experience – Core Internal Medicine Use 
Cases

• Ambient Documentation
• Chart Summarization

• Includes various specific use case scenarios such as pre-charting, results summarization
• AI Assistants
• Medical Point-of-Care Information Tools

 

MGB Clinical Informatics   |   Confidential—do not copy or distribute
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Ambient Documentation (AI Scribing)

Mass General Brigham | Digital

Patient consent
Patient-clinician 

conversation
Ambient listening AI 

Clinician 
edits/reviews note 

in EHR

AI generated 
clinical note

Completed note
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Reduction in documentation after hours, cognitive load, 
burnout 

Study Setting # of Clinicians Duration Improvements

Albrecht et al
JAMIA Open 2025

University of Kansas
Abridge

191 3 months 
(avg use)

• Ease of documentation
• Job satisfaction/burnout risk

Guo et al 
JAMIA 2025

UC Irvine
Nuance DAX Copilot

167 (quantitative)
65 (qualitative)

3 months • Time/note, note time/day, note time/appt
• Cognitive demand, documentation effort

Liu et al 
NEJM AI 2024

Atrium Health
Nuance DAX Copilot

112 Primary Care 6 months • Daily documentation time with high usage only
• No change in RVUs

Olson et al
JAMA Network Open, 
2025

6 academic and community health 
systems (Yale, MemorialCare, 
Christus Health, Sutter Health, 
University of Chicago)
Abridge

263 30 days • Burnout
• Self-reported cognitive load
• Documentation after hours
• Focused attention on patients

Ma et al 
JAMIA 2024

Shah et al 
JAMIA 2024

Stanford
Nuance DAX Copilot

45 (quantitative)
38 (qualitative)

3 months • Burnout 
• Taskload
• Usability scores
• Time per note (0.57 minutes), daily documentation 

time (6.89 min)
• After hours EHR time (5.17 min), Total EHR time 

(19.95 min)

You et al
JAMA Network Open, 
2025

2 academic and community health 
systems (MGB, Emory)
Abridge and Nuance DAX Copilot

327 3 months • Burnout (MGB: sustained at 1 year)
• Well-being
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More recent publications  also show (modest) time savings 
and financial productivity

Study Setting # of Clinicians Duration Improvements

Holmgren et al
JAMA Network Open 
2025

UCSF
2 vendors, unspecified

1565 attending 
physicians (698 
adopters vs 867 
non-adopters)

1 year 8 
months

• Higher RVUs in adopters without evidence of 
increased denials

• More encounters per week

Rotenstein et al
JAMA 2026

5 AMC systems (UCSF, MGB, Emory, 
Yale, NYU)
Multiple vendors

8581 clinicians 
(1809 adopters)

2 years 2 
months,
June 2023 
– August 
2025

• Modest decrease in total EMR time/documentation 
time

• Modest increase in weekly visit volume
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AI Chart Summarization

MGB Clinical Informatics   |   Confidential—do not copy or distribute

Summary of prior visits for outpatient chart review

Draft discharge summary

Chat format to query questions from the EHR
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AI Assistants

General Purpose:

• Large language model vendors (e.g. OpenAI’s ChatGPT, 
Google’s Gemini, Meta’s Meta AI, Claude AI)

Specific Purpose:

• Work productivity AI tools (e.g. Microsoft Copilot)

• Research AI tools (e.g. ResearchRabbit)

• Medical point-of-care information tools (e.g. 
OpenEvidence, UpToDate Expert AI, Dyna AI, Elsevier 
ClinicalKey AI, Doximity Ask)

** Only use your healthcare system's approved AI tools for 
business/patient care, even if an external system is labeled 
as HIPAA-compliant.
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AI in Healthcare: Other Real World Applications

MGB Clinical Informatics   |   Confidential—do not copy or distribute

Patient Education Billing / Coding and 
Prior Authorization

Medical Education 
(Teaching Diagnostic 
Reasoning, Practicing 

Patient Education)

Patient Portal 
Messages (AI-

generated Draft 
Replies, Draft Results)

Emergency Room 
Triage (AI-Based 
Triage Support)
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IM Subspecialty: Cardiology

Mass General Brigham | Digital

• Review of 277 FDA-cleared AI/machine learning medical devices for cardiology:
• Imaging – 65%, diagnostics – 64%, predictive 6.4%, prescriptive 0.7%
• Limited support with few high quality trials
• Example applications

‒ ECG tools for atrial fibrillation detection
‒ Remote monitoring of heart failure for prediction of exacerbations
‒ Quantifying calcification of coronary artery plaques
‒ AI-guidance of echocardiography image acquisition
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IM Subspecialty: Gastroenterology

• ACG task force Delphi consensus on AI for GI practice (2026):
• Endoscopy

‒ Adenoma detection
• Diagnostic promise in risk stratification, diagnostic accuracy, treatment selection
• Clinician administrative support:

‒ Ambient documentation, NLP-coding, workflow, authorization support
• Training: Balance structured AI curriculum with procedural competencies

Mass General Brigham | Digital
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Q : Ambient documentation, or AI scribing, has not been 
shown to:

A. Improve burnout
B. Decrease taskload
C. Improve time in notes
D. Decrease RVU output

Mass General Brigham | Digital
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Q : Ambient documentation, or AI scribing, has not been 
shown to:

A. Improve burnout
B. Decrease taskload
C. Improve time in notes
D. Decrease RVU output → net neutral to positive impact on RVUs/financial 

efficiency

Mass General Brigham | Digital



Other Specialty 
Applications
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Radiology

• In US, majority of FDA approved AI-enabled medical devices in radiology (2025 review: 77%)
• Between 1995-2024, 950 AI/ML devices authorized by the FDA

• Often not validated against clinical end points or tested with human operators even though by design 
are often “human in the loop” → challenging to determine clinical generalizability

• In European Union, higher bar for clinical outcomes
• Of 173 commercially available devices:

‒ Subspecialty: Neuro (34%) > Chest (31%) > Breast (10%)
‒ Modality: CT (35%) > MR (27%) > XR (21%)
‒ Function: Quantification, Detection, Diagnosis
‒ Minority of papers reflecting proof of advanced levels of efficacy (diagnostic thinking, therapeutic 

efficacy, patient outcome efficacy, or societal efficacy)
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Pathology

• Multimodal AI models – incorporating image-based, text-based data
• Clinical adoption lagging behind state-of-the-art research/industry

• Limitations in transition from physical slides/manual interpretation to digital 
pathology to fully harness AI potential

• FDA-approved models often more for cancer-related applications (e.g. quantification, 
identifying areas on slides, metastases detection)
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Psychiatry/Behavioral Health

• Potential to Transform Traditional Mental Healthcare Paradigm
• Current state: questionnaires, psychiatric evaluation, symptoms
• Future state: precision psychiatry for customized treatments, better diagnosis and prognostics, tying 

in neuroimaging, psychomotor, genetics data
• Chatbots

• Commercial LLMs
‒ National survey of US adolescents/young adults 12-21 (Nov 2025): 19.2% of US adults using AI 

chatbots for mental health advice, majority (63.3%) did not disclose chatbot use for this purpose to 
anyone

• Healthcare system-supported chatbots for referral management



Conclusion
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MOC REFLECTIVE STATEMENT (BRIEF TAKE HOME 
NOTES FOR REFERENCE)

• Different levels of AI:
• Machine Learning (Unsupervised, Supervised, Reward, Semi-supervised)
• Deep Learning
• Large Language Models

• Generative AI applications for clinician experience include:
• Ambient documentation
• AI chart summarization
• AI assistants
• Other promising applications such as patient messaging/education

• In pathology and radiology: quantification and detection as most clinically promising areas
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