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Learning Objectives

« Define Al applications in TB care
* Recognize Al tools used in screening

« Explain Al benefits in clinical settings




Polling Question

In my facility/ jurisdiction, Al ( Artificial Intelligence) is used in
healthcare delivery

On a regular basis
Occasionally

Not yet

o0 W »

| don’t know




In 2026, focus should be on:

Teaching Safe, Responsible Use of Al

Understanding Ethics Implications

Getting Healthcare Professionals involved in Al
Development/implementation/ ethical use

« ...as the Al Field is developing at a speed already
surpassing human “controls”



Al Started as SURP

“The Constitutional Convention of Al”

“We propose that a 2-month, 10-man
study of artificial intelligence be
carried out during the summer of
1956 at Dartmouth College in
Hanover, New Hampshire. The study
is to proceed on the basis of the
conjecture that every aspect of
learning or any other feature of
intelligence can in principle be so
precisely described that a machine
can be made to simulate it.”

A PROPOSAL FOR THE
DARTMOUTH SUMMER RESEARCH PROJECT

ON ARTIFICIAL INTELLIGENCE

J. McCarthy, Dartmouth College

M. L. Minsky, Harvard University

N. Rochester, I.B. M. Corporation

C.E. Shannon, Bell Telephone Laboratories




Al Boom — post- 2020’s

* Intersection of Computing Power, Critical Mass of available Info,
Development of Transformer Architecture, and investment in Al.
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Definitions

 Artificial Intelligence (AI).’ Machine programs trained to do cognitive
tasks typically requiring a human.

 Machine Learning ( ML) : A process of training machines to recognize
patterns. Deep learning is a type of ML that uses complex layers of hidden data

« Supervised Learning: ML using sorted data to train a model

 Unsupervised Learning: ML aims to find patterns in data content



 Deep Learning: A type of ML that uses “deep” layers of
artificial “neural” networks to teach computers to interpret
data in a way inspired by the human brain.

 Language Learning Models (LLM’s) . a type of Al that
can process and generate human-like text. LLM’s are trained
on large amounts of data, such as internet databases, and
use deep learning to analyze unstructured data and
recognize patterns.



Understanding the Relationship Between Al, ML, DL, and NLP

o e Alis abroad field that includes anything related to making
machines smart.

e NLP is the branch of Al focused on teaching machines to
understand, interpret, and generate human language.

] ""‘ e ML is a subset of Al that involves systems that can learn by
themselves.

e DL is a subset of ML that uses models built on deep neural
networks to detect patterns with minimal human
involvement.

Tracing the Evolution of Al with a Better Understanding of the Relationship Between Al, ML, DL, and NLP

Alowais, S.A., Alghamdi, S.S., Alsuhebany, N. et al.
Revolutionizing healthcare: the role of artificial intelligence
in clinical practice. BMC Med Educ 23, 689 (2023).
https://doi.org/10.1186/s12909-023-04698-z. Creative
Commons Attribution 4.0 International License



https://doi.org/10.1186/s12909-023-04698-z
https://doi.org/10.1186/s12909-023-04698-z
https://doi.org/10.1186/s12909-023-04698-z
https://doi.org/10.1186/s12909-023-04698-z
https://doi.org/10.1186/s12909-023-04698-z
https://doi.org/10.1186/s12909-023-04698-z
https://doi.org/10.1186/s12909-023-04698-z

Neural Network and LLM

Representation




"Public Al” launch-5 days to reach 1 million
users. 2 months to 100 million users
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Al In TB: Possibilities-Endless
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S.Memon et al., Integration
of Al and ML in
Tuberculosis (TB)
Management:

From Diagnosis to Drug
Discovery- Creative
Commons

Attribution (CC BY) license
(https://creativecommons.org
/licenses/by/4.0/).




Al For Learners- Enhancing or
Dumbing Down?

* Preserving clinical 4 ntrodipationafil
skills in the age of Al : Al-enhanced
assistance £ | rroficiency practice

« Berzin, Tyler M et al. - : .
The Lancet, Volume £ /,
406, Issue 10513, Physicians trained priorto Al | Physicians trained after Al R

1719 Time




Development of Adaptive Practice and the Effects of Al.

/ Al-enhanced adaptive practice

o

Deskilling
Al-enhanced

. learning
Proficient

-skilling

pment 'L‘tJMHH"g

Al-enhanced \
learning Y

Never-skilling
Advanced . -

Competent

Performance in a Given Practice Skill

Mis-skilling

Novice

Abdulnour R-EE et al. N Engl J Med2025;393:786-797 The NEW ENGLAND

JOURNALof MEDICINE
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Al tensions across the spectrum of %DM%

medical training

N

| Preclinical | _M3-M4 (UME) | __PGY (GME)

Potential Passive use
Threats =
Never skilling

Active use
Opportunities =
Augmented
learning

PHI, FERPA Assessment vs Coaching
(Autonomy tension)
Unsupervised learning

Deskilling

Low stakes, low cost
automated practice

Level setting
Deliberate practice
Precision gap analysis
Tailored excellence
Automated credentialing

Precise, actionable, &
timely insights

Undifferentiated learner

v

Independent physician
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GPT versus Resident Physicians — A
Benchmark Based on Official Board Scores

Authors: Uriel Katz, M.D. &, Eran Cohen, M.D. @ Eliya Shachar, M.D. @, Jonathan Somer, B.Sc. @@, Adam Fink,
M.D. &, Eli Morse, M.D. &, Beki Shreiber, B.Sc. &, and |do Wolf, M.D. Author Info & Affiliations

Published April 12, 2024 | NE]M Al 2024;1(5) | DOI: 10.1056/A1dbp2300192 | YOL. 1 NO. 5 | Copyright © 2024
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OpenEvidence Creates the First Al in
History to Score a Perfect 100% on
the United States Medical Licensing
Examination (USMLE)

August 15, 2025
<R Y GD

Score on the United States Medical Licensing Examination

B openkvidence [JGPT-5 I GPT4 M GPT-40

OpenEvidence

GPTS 97%
GPT-4 89%
GPT-40 88%

USMLE dataset: Kung TH, Cheatham M, Medenilla A, Sillos C, De Leon L, et al. Performance of ChatGPT on USMLE:
Potential for Al-assisted medical education using large language models. PLOS Digital Health.
2023;2(2):e0000798. doi:10.1371/journal.pdig.0000798
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When Systems Fall

Why Al Can Give Wrong Advice
« Hallucinated facts: Al may invent citations or data.

« Outdated data: Training data may predate the latest clinical
guidelines/ Give too much weight to recent data

* No clinical context: Al doesn’'t examine patients or factor in
unique presentations.

« Generalized responses: Al often gives one-size-fits-all advice,
or generalities when one precise response is needed.




ChatGPT 5.2 ~

If a person was seen walking at 6 PM and entered his house at 8 PM,
was he alive at 7 PM

Yes — assuming the timeline is accurate, he was alive at 7 PM.
If he was:

+ Seen walking at 6 PM, and

» Entered his house at 8 PM,
then he must have been alive at some point between those times in order to enter the house at 8 PM.
Therefore, at 7 PM (which falls between 6 and 8), he would necessarily have been alive.
Unless this is intended as a trick question with missing information (e.g., mistaken identity, inaccurate

timestamps, etc), the logical answer is yes.

W RNV e

Do you know how your pred chatgpt 3.0 d this

| don't have access to specific past responses generated by earlier versions like “ChatGPT 3.0,” nor do | have

a database of how it answered individual questions.

However, this is a classic logic question, and earlier versions would very likely have answered the same way:

yes, assuming the timeline is accurate and there's no trick involved.

If you're asking because you saw a different answer somewhere, I'd be curious what it said — sometimes the
twist depends on hidden assumptions. N
@~ 0o~

+ Askanything & o

ChatGPT can make

kes. Check importan

&, Share -+

He said that there is no way to know. He could have been alive at 6 PM,
and at 8 PM, but then resurrected in between or there could have been
other circumstances

That's a fair point — it comes down to what assumptions you're allowed to make.
+ In ordinary real-world reasoning, “seen walking at 6" and "entered his house at 8" implies continuous
normal life in between, so yes, he was alive at 7.
+ In strict logic / riddle mode, the statements only guarantee he was alive at some moment at 6 and some
moment at 8. They don’t explicitly state he was alive continuously, so weird edge cases (mistaken
identity, staged footage, time stamps wrong, “entered” meaning carried in, resurrection, etc.) mean

there’s no airtight proof about 7.

So:

+ Common-sense answer: yes.

+ Pedantic/logic-lawyer answer: you can’t know for sure.

If you want to make the question unambiguous, you can add: “continuously observed” or “with no gaps” or

“under normal biological assumptions.”

SV G N VIR A




Polling Question

What type of Al tools do you use?

Free, public version ( example : ChatGPT, OpenEvidence)
Step-up, paid public version ( ChatGPT Plus, Copilot Premium, etc)

Institutional License ( Chatgpt.edu, Copilot Enterprise, etc)

o0 W »

Do not use
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You, as Learner- and Al

Power User



What Al Will Help You Do

Clarify Research
Problems

Brainstorm synonyms,
Medical Subject Headings
Headings MeSH terms, and
and alternate comparators
comparators to refine your

your PICO question.

Write Responsibly

Search Smarter

Draft reproducible search
search strings with
AND/OR logic to be used

used with databases.

Screen Efficiently

Triage abstracts, cluster
cluster themes, and
generate evidence maps
maps to organize

findings.

Follow institution guidelines, cite original articles, and disclose Al assistance transparently.

Structure Methods

Outline study designs,
variables, and potential
potential biases as
starting points for

validation.



Critical Guardrails

Al Is Not a
Source

Never copy-paste
Al output as final
text. Treat it as
scaffolding, verify
every claim
against peer-
reviewed
literature, and cite

original works.

Be

Transparent

When Al
meaningfully
shapes your work,
include an
appropriate
disclosure
statement in
methods or
acknowledgments
consistent with
APA guidance.

Protect
Privacy &
Reduce Bias

Never input
identifiable
patient data.
Prompt Al to list
possible biases
and plan
mitigation
strategies before

mentor sign-off.



Using Al-Generated Summaries

This workflow ensures you maintain academic integrity while

leveraging Al efficiency.

Key Principles

e Use Al summaries to decide which articles are most
relevant

e Read the most important papers in full yourself

e Never copy-paste Al text directly into your paper

e Write summaries using your own understanding and voice

e Cite original articles, not Al tools



Why Use “Approved” Al Tools ?

Tool X- Secure, authenticated
authenticated access with

institutional credentials

Educational support and
tutoring

Zoom Al/ Teams
Companion

Meeting summaries and

transcription- stay secure

What "Approved" Means

IT Governance has reviewed these tools for secure network use. When
When you authenticate with @institution credentials:

e Datais encrypted and secure
e Your data cannot train LLMs for others

e Al accesses only data you have permission to use

[JJ Important: Never create free accounts for other Al tools using
tools using Institution credentials. Always use personal email if
email if you need personal Al tools- and NEVER put institution
institution data in free LLM’s/Al tools.



Explainable artificial intelligence (XAl)

« XAl encompasses a collection of procedures and techniques that
enable human users to understand and have confidence in the
outcomes and output generated by ML algorithms.

« Mitigates the “ black box” effect frequently encountered while using Al
models ( Ex: SHAP models)

« “restores credibility” vis-a-vis of human cognition

« For now, Al Analysis/ Decision Making is better seen as always
needing a “human in the loop”

« Al can identify patterns in huge datasets
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Feature important of A) TB treatment and HIV-related TB factors, B) Health risk factors, C) Socio-demographic and economic factors, D) Environmental and
land use factors, E) overall factors. x 1: Incidence of tuberculosis (per 100,000 population per year); x 2: Number of incident tuberculosis cases (HIV-positive
cases); x 3: Incidence of tuberculosis (per 100,000 population) (HIV-positive cases); x 4: Deaths due to tuberculosis among HIV-negative people (per 100,000
population); y1: Treatment success rate for new TB cases; y2: Treatment success rate for previously treated TB cases; y3: Treatment success rate for HIV-
positive TB cases; y4: Treatment success rate for patients treated for MDR-TB; y5: Treatment success rate for XDR-TB cases; y6: New cases tested for RR-/
MDR-TB (%); y7: Previously treated cases tested for RR-/MDR-TB (%); y8: Confirmed cases of RR-/MDR-TB; y9: Cases started on MDR-TB treatment; y10: TB
patients with known HIV status (%); y11: Tested TB patients HIV-positive (%); y12: HIV-positive TB patients on ART (antiretroviral therapy) (%); y13: Prevalence
of tobacco use (%); y14: Age-standardized prevalence of hypertension among adults aged 30 to 79 years (%); y15: Most sold brand of cigarettes—retail price
in US$ at official exchange rates; y16: Most sold brand of cigarettes—Taxes as a % of price (total tax); y17: Population, total; y18: GDP growth (annual %); y19:
Hospital bed density (per 10,000 population); y20: Density of physicians (per 10,000 population); y21: Density of pharmaceutical personnel (per 10,000
population); y22: Domestic general government health expenditure (%); y23: Life expectancy at birth (years); y24: Mortality rate under 5 per 1000 live births;
y25: Population growth (annual %); y26: Access to electricity; y27: Land area (sq. km); y28: Arable land (% of land area); y29: Agricultural land (% of land area);
y30: Forest area (% of land area); y31: Air pollution.

Utilizing artificial intelligence to predict and analyze socioeconomic,
environmental, and healthcare factors driving tuberculosis globally
Md. Siddikur Rahman & Abu Bokkor Shiddik Scientific Reports volume 15,

Article number: 13619 (2025) CC license 4.0


https://www.nature.com/articles/s41598-025-96973-w#auth-Md__Siddikur-Rahman-Aff1
https://www.nature.com/articles/s41598-025-96973-w#auth-Md__Siddikur-Rahman-Aff1
https://www.nature.com/articles/s41598-025-96973-w#auth-Md__Siddikur-Rahman-Aff1
https://www.nature.com/articles/s41598-025-96973-w#auth-Abu_Bokkor-Shiddik-Aff1
https://www.nature.com/articles/s41598-025-96973-w#auth-Abu_Bokkor-Shiddik-Aff1
https://www.nature.com/articles/s41598-025-96973-w#auth-Abu_Bokkor-Shiddik-Aff1
https://www.nature.com/srep

Socioeconomic, environmental, and healthcare
factors driving tuberculosis globally

From: Utilizing_artificial intelligence to predict and analyze socioeconomic, environmental, and healthcare factors driving tuberculosis globally

Contributions

- Low
Medium
High
NA

Global mean SHAP contribution of A) TB treatment and HIV-related TB factors, B) Health risk factors, C) Socio-demographic and economic factors, D)
Environmental and land use factors. The map was created in R (version 4.4.2, https://cran.rstudio.com) using the rnaturalearth package, which provides

natural earth map data for visualization. The sf package was used for spatial data handling to ensure accurate representation of geographic boundaries.
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Al Chatbots may offer timely support and personal
advice 24/24 to patients in need

« TB Treatment Support Tools launched through Univ. Washington Responsible
Health Al Iab. Includes Spanish language Chatbots

* Univ. of Georgia's School of Computing developed deep learning models that
could recognize patterns of adherence using DOT Selfie project. This project
aims to improve TB medication adherence in resource limited settings.

* YOU Could create your own Al agent/ train an LLM to focus on the care gaps
that you are seeing in your practice. When appropriately supervised, this
could act as a clinician enhancer.

« Ambient Listening tools may revolutionize the way you interact, document,
and communicate with your patients ( especially the new generation)



Various Frequent Al Tools for the clinician
( Harvard Al Conference, 2025)

Al Resources

Tool

Potential Use

Examples

Notes

Open Evidence

Clinical Care -~
e Aggregate, synthesize, and
visualize peer-reviewed
medical literature

Clinical decision support
Patient instructions /
translation

Build differential diagnoses
Clinical letters (ex. PA denial)

Founded in 2021

Need NPI to register but is
free

Not HIPAA compliant
PICO framework useful

Other clinical decision support
tools:

Clinical Care -

Clinical decision support

Associated costs (vs
openevidence above is free)

Clinical Care -

choice question generation
Grading unstructured
questions

Qualitative analysis of
feedback

Draft patient instructions

Clinical Key AI
Dyna AL
UpToDate
Glass Health Clinical Care - o Draft differential diagnoses
and assessment/plan options
to consider
ChatGPT Education - Direct Teaching ~ o Multilevel learning multiple OpenAl ol Hub | OpenAl

Custom GPTs

Clinical Care -

Some organizations have set up PHI-compliant Al interfaces, i.e. a
homemade version of ChatGPT that has much of the functionality but
interacts with a HIPAA compliant interface. If you aren't already
aware of this existing, it can be worth reaching out!! (example from
Vanderbilt: https://www.vumc.org/dbmi/GenerativeAl)

Shown example in conference of U-M GPT, which is for UM

students/faculty/staff

Ambient A (if your institution
has/allows):
Dragon Ambient eXperience (DAX)

Clinical Care -

Microsoft and Nuance

Ambient listening, conversational AL generative Al

Documentation / Note generation

EHR integration
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A New Artificial Intelligence-Based Method for Identifying
Mycobacterium Tuberculosis in Ziehl-Neelsen Stain on Tissue
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Department of Fathology, Faculty of Dental Medicine, University of Medicine and Pharmacy Carol Davila,
37 Dionisie Lupu Ste, Sector 1, 020021 Bucharest, Romania
Department of Computer Science, Faculty of Automatic Control and Computers, University Politehnica of
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Department of Surgery, Faculty of Medicine, University of Medicine and Pharmacy Carol Davila, 37 Dionisie
Lupu Str, Sector 1, 020021 Bucharest, Romania
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DX of MTB in tissue can be difficult especially in
atypical cases with granulomas and other
mimicking etiologies

Since the bacillus is small, pathologist spends
significant time analyzing slides

Authors observed that unacceptable rates of
errors occur even when resident errors are
excluded from diagnosis

Authors developed an Al-assisted model based

—on-alarge-training-dataset-Al-automatically—

detects potential positives, in less time. Final
decision regarding diagnosis belongs to
pathologist

The clinical test presented 98.33% accuracy,
95.65% sensitivity, and 100% specificity for the
Al-assisted method
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https://creativecommons.org/licenses/by/4.0/

HOT TOPIC: Al-Aided TB Detection-
Imaging

« Born out of necessity- in the battle against TB, resources are still
scarce

« Al software variants from Qure.ai received FDA breakthrough device
designation in February of 2024 and was WHO endorsed for field
detection of TB

« Computer aided detection and diagnosis device that analyses Chest X-
rays to localize all noted radiological signs suggestive of TB and
provide an accompanying conclusion regarding the presence or
absence of TB.

« STOP TB/ REACH Award/ Grant



3.2 Use of computer-aided detection software for
automated reading of digital chest radiographs

10. Among individuals aged 15 years and older in populations in which TB screening is
recommended, computer-aided detection software programmes may be used in place of
human readers for interpreting digital chest X-rays for screening and triage for TB disease

{new recommendation: conditiona! recommendation, low certainty of evidenca).

Module 2: Screening

Table 4. Sensitivity and specificity ranges of computer-alded detection software
and human readers Interpreting digital chest radlographs for detection of
bacteriologically confirmed TB across three software programmes, from three
Independent evaluations of the sofiware in a range of populations and settings

Accuracy estimate range
Type of case and type of reader Sensitivity Specificity
WHO target product profile =090 =070
Screening use case
CAD software 090092 023066
CXR with human reader 0.22-093 0.14-063
Triage use case
CAD software 090091 025-0.79
CXR with human reader 0.29-0.96 036063

CAL: conrgaules-aicded cheter ton, OO chest Kray.



Implementation
of CAD CXR
detection

( WHO Module 2- detection)

There is substantial variation in the diagnostic accuracy
(sensitivity and specificity) of CAD programs across settings, even
when using the same technology set to the same threshold. Thus,
it will be essential to calibrate the threshold to be used for any
given software for each setting and population in which it will be
used in order to ensure that the accuracy, predictive values,
overall yield and requirements for further diagnostic testing are as
expected. Further guidance on calibrating CAD in a new setting is
provided in the operational handbook accompanying the
guidelines, which links to a protocol for collecting the requisite
data and a web-based tool to assist with the analysis of data and
calculation of receiver operating characteristic curves and
sensitivity and specificity values across a range of thresholds.

The feasibility of implementing CAD depends heavily on the
setting, including ensuring access to the required equipment for
conducting digital radiography, a stable internet connection and
required maintenance for the hardware and software. The
required resources and the cost—effectiveness will depend on the
setting, including the availability and salaries of human readers.

Based on : CAD4TB V6 (Delft Imaging), Lunit INSIGHT CXR V1
(Lunit) and gXR V2 (Qure.ai)
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Variability of CAD Software TB Detection

« Several previously unevaluated products performed similarly
to those evaluated by WHO. Thresholds differed across
products and demographic subgroups.

 All products generally performed worst in older individuals,
people with previous tuberculosis, and people with HIV

 Need for standardization

Qin ZZ. Et al., Computer-aided detection of tuberculosis from chest
radiographs in a tuberculosis prevalence survey in South Africa: external
validation and modelled impacts of commercially available artificial
intelligence software. Lancet Digit Health. 2024 Sep;6(9).:e605-e613.
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How useful is a
portable X-Ray
CAD System?

The introducing New Tools
Project (iNTP) represented the
largest multi-country roll-out of
ultra-portable digital X-ray
systems and computer-aided
detection (CAD) software for
tuberculosis (TB) screening
programs (STOP TB
partnership)

STOP TB PARTNERSHIP | USAID INTRODUCING NEW TOOLS PROJECT (iNTP)

Results: Ultra-portable X-ray and computer-aided detection (CAD)

u'“ﬂ"'d"h ::I::Ln:rTIGHT CADATE

Migeria 14 DELFT ur.HT

10 DELFT LIGHT + CADATE AR TH S_,
Demacri e oo &
Eﬁ:ﬂ:l.:;f Philippines
8 DELFT LIGHT + CADUTE Uganda 10 FUJIFILM XAIR

5 DELFT LIGHT + CADATE

« Ultra-portable digital X-ray systems are battery-operated, emit

low radiation, and can be packed into backpacks or cases for

transportation to field settings. CAD software leverages artificial

intelligence (Al) to identify signs of TB in chest X-rays (CXR) and

can be used alongside or as an alternative to human readers

* Project Deployed to 7 Countries

» Total number of people reached for screening: 436,938

« People diagnosed with TB: 13,967

» People with lung abnormalities suggestive of TB detected by CAD
and who received a confirmatory test: 42,097



Results- USAID
partnership

% 100000 436,938 }
https://www.stoptb.org/ . -
E 200,000 é
E 5000 g
_E 100,000 3

Q4 2021 12022 Q2 2022 Q3 2022 Q4 2032 Q12023 Q2 2023 Q3 20323

Cumulative people screened
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Other Fields of Use

* Al-powered monitoring of cough counts as a prediction of TB
disease and/or treatment progression

* Al-powered classification of cough sounds for TB screening

* https://www.stoptb.org/what-we-do/accelerate-tb-
innovations/digital-health-technology-hub/ai-powered-cough-
analysis-and-monitoring
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WHAT IS THE CURRENT STATUS OF Al FOR TB COUGH CLASSIFICATION?



Al use in Precision Medicine / Connection with TDM
* Al use to speed up drug discovery in TB

« Scrub data from EHR’s and extract “TB indicators” flags as
well as research level data



FDA now has regulatory framework re : Al
enabled Medical Devices

v E Atificial Intelligence-Enabled Mec X + - (m] X
« O . B https://www.fda.gov/medical-devices/software-medical-device-samd/artificial-intelligence-enabled-medical-devices ﬂ Chat
EE An official website of the United Stales government Here's how you know « -
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| Q Search | | = Menu ‘

+— Home / Medical Devices / Digital Health Center of Excellence / Sofiware as a Medical Device (SaMD) / Adificial Intelligence-Enabled Medical Devices

Artificial Intelligence-Enabled Medical Devices

The FDA encourages the development of innovative, safe, and effective medical devices,
Software as a Medical

Device (SaMD)

Content current as of:
03/04/2026

including devices that incorporate artificial intelligence (Al).

The Al-Enabled Medical Device List is a resource intended to identify Al-enabled medical
CHNCAIRES N = phor devices that thorized f keting in the United States. Digital health innovat Regulated Product(s)
Software Frequently Asked evices that are authorized for marketing in the United States. Digital health innovators Medical Devices
Questions (FAQs) can refer to this list to gain insights into the current device landscape and regulatory

expectations, which can help foster innovation and ensure public safety. This list can also

Artificial Intelligence- provide transparency for healthcare providers and patients to clearly identify when medical
Enabled Medical Devices

¥eqpasy

devices use Al technologies.

Artificial Intefligence in Contents of the AI-Enabled Medical Devices List:

Software as a Medical
Device s The devices in this list have met the FDA's applicable premarket requirements,
including a focused review of the device’s overall safety and effectiveness, which
Good Machine Learning
Practice for Medical
Device Development:

includes an evaluation of study appropriateness for the device's intended use and
technological characteristics.

Guiding Principles

Adirect link to the FDA's database entry of an Al-enabled medical device is provided.

The database entry contains releasable information, such as summaries of safety

Predetermined Change 2 . . . u
g= and effectiveness. Note, the summaries are not all inclusive and do not include most
Control Plans for Machine

L eaming-Enabled Medical of the information that may be submitted in an application.

Devices: Guiding

. | « The list is not a comprehensive resource of Al-enabled medical devices. Instead, the
nnciples

list includes Al-enabled medical devices that were identified primarily based on the

use of Al-related terms in the summary descriptions of their marketing authorization
Transparency for Machine

Learning-Enabled Medical document and/or the device’s classification. The set of Al terms is based on the FDA
Nevices™ Guiding Ninital Haalth and Artificial Intallinanca Qlaccans -
< S = = >

== Q Search [ m a _? g a @ @ g ~ @ mc [Jd g 3'[22;;:;2.!



Regulatory Efforts ( Arguably not Enough)

» Health Al regulation has primarily
come from states, however, HHS
has issued a strategy document and
enacted White House Policy for a
National Al Strategy. FDA enacted a

digital health advisory committee. ‘
 [n 2025, 47 states introduced more _. ART";%')A&I!EK_FEE?ENCE

than 250 bills including health Al
regulation. Of those, 33 became law
In 21 states

 In 2026, 200 bills regarding Al are
being considered.




Polling Question

/P What keeps you up at night regarding Al?

Nothing
Fear it will replace me

Fear it will replace my kids

oo W >

Fear it is not regulated enough




Questions and
Answers




Thank you
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