
Adam E Flanders MD
Thomas Jefferson University

Artificial Intelligence and the 
Medical Record in the Context of 

Social Security Disability
Evaluations: A Workshop

Medical Imaging



No relevant disclosures



Outline

• State of the state – Imaging AI applications
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Exponential Growth of Imaging Services

300% increase in demand for CT 
in 15 years

Majority of imaging is for patients 
>65 years age

Only 3% commensurate increase 
in Radiologists over same period.

Bruls, R.J.M. and Kwee, R.M., 2020



Current State of FDA Cleared AI Products

First imaging AI device cleared by FDA 28 years ago 
IR2 image checker M100 by R2)

Exponential growth from 2015 onward.

1,451 FDA cleared AI devices in the marketplace as of 
2026

Radiology dominates market at 76% (1,104)



Exponential Growth of Imaging AI

• The global medical imaging 
market surpassed 49.61 billion 
USD in 2024 

• 80.52 billion USD by 2034
• The medical imaging AI market 

size was valued at 2.21 billion 
USD in 2026

• Is projected to reach around 14.46 
billion USD by 2034

https://www.precedenceresearch.com/sample/2380



FDA Classifications for Radiological Computer-Aided/Assisted
Diagnostic (CAD) Devices

CADt Computer Aid Triage

CADe Medical Image 
Analyzers - detection

CADe/x Detection & 
Diagnosis

CADx Cancer Detection



AI Imaging Categories – 
Detect, Classify, Triage

• Stroke
• Cerebral hemorrhage
• LVO
• Pulmonary Embolism
• DVT
• Aneurysm
• Lung nodules
• Bone Density/Fracture risk
• Fractures 
• Breast masses
• CAC
• Cardiac physiology
• Etc. etc…..





Limitations with Narrow AI Tools
• Large operational expense to support annually.
• With few exceptions, not a billable service; difficult to 

demonstrate a true ROI or value.
• Tools are not well integrated into the diagnostic ”cockpit” of 

the radiologist - so use/engagement is variable.
• Known performance drift with time that is not easily 

measured or acted on.
• Industry is not focused entirely on biggest challenges.



Focus on More Tedious Time Consuming Tasks



Measuring Temporal Drift in Performance

• Home-built tool 
(RADAR) for measuring 
continuous performance 
of a commercial ICH 
detection product.

• Performance rapidly 
dropped after expansion 
to other hospitals.

• Investigation is pending.
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PE AI Triage and Notification

• No improvements in 
radiologist accuracy, 
sensitivity, or specificity

• No improvements in 
report TAT or 
interpretation time

• May be useful with long 
TAT

• Modest improvements in 
wait times for positive 
exams (~5 minutes)

Rothenberg et al 2023 - Radiology



Real-World 
Performance

• 82.2% sensitivity, 97.6% 
specificity, and 96.6% accuracy.

• Sensitivity was highest for acute 
(86.2%), large >10 mm (95.0%), 
and multi-compartment 
hemorrhages (93.6%),

• Lower for subacute (45.5%), 
chronic (54.8%), small ≤10 mm 
(74.8%), and single bleeds 
(76.0%). 

• Performance reduced for OP 
(72.2%), where subtle 
hemorrhages  more common.

Findings show that the model performs 
reliably for acute and extensive ICH but is 
less sensitive to subtle or localized 
presentations, underscoring the need for 
ongoing real-world evaluation and 
targeted improvements to support safe 
clinical triage.



Economic Value Review

• Many ROI studies (1,879) yet only a few (21) showed rigor.
• Cost savings or cost-effectiveness ratios in resource intensive tasks 

when accuracy matched human performance.
• AI showed value in settings where there are radiologist shortages.
• AI showed reduced costs by optimizing protocols 
• AI showed increased revenue when follow up compliance was 

improved.



Rethinking the Last Mile Around AI

• Diagnostic cockpits have become complex
• Integration and user engagement remain 

challenging in current environments






What Does the Future Hold?



Nature Communications | (2023)14:4039 



Deep-Learning Convolutional Neural Networks 
Accurately Classify Genetic Mutations in Gliomas

Chang P etal. AJNR 2018 May





EMR Data Abstraction Tools

Courtesy Steven Rothenberg MD



LLMs Facilitate Reporting Efficiencies

 Improve readability – grammer
Report correction (gender / laterality)
Auto-generated impressions (custom)
Automatic report structuring / organization
Automatic concept extraction (registry / data collection)
Completion checking (current / past finding)
Longitudinal history checking (current against past)
Actionable finding detection (notification)
Translation to other languages
Translation to match education level
 Interactive reports
Auto-generated report drafts



VLM Contrastive Learning with Text & 
Computer Vision

Images Report Text

DEPARTMENT OF RADIOLOGY: MRI REPORT
Patient: DOE, JANE
DOB: 01/01/1985
Exam Date: April 5, 2026
Accession #: 8675309
Referring Physician: Dr. Aris Totle

EXAMINATION
MRI BRAIN WITHOUT AND WITH IV CONTRAST
CLINICAL INDICATION
Chronic tension-type headaches and occasional episodes of localized vertigo. No known 
history of malignancy.
TECHNIQUE
Multiplanar, multisequence magnetic resonance imaging was performed through the brain 
before and after the administration of 15 mL of Gadavist intravenous contrast.
Sequences obtained: T1, T2, FLAIR, DWI/ADC, and post-contrast T1-weighted images.

FINDINGS
Brain Parenchyma: There is no evidence of acute intracranial hemorrhage, large territorial 
infarct, or suspicious mass effect. The gray-white matter differentiation is preserved.
White Matter: Scattered, punctate T2/FLAIR hyperintensities are noted within the 
subcortical white matter of the frontal lobes. These are non-specific but are most commonly 
associated with chronic microvascular changes or migraines in a patient of this age.
Ventricular System: The ventricles and sulci are prominent for the patient's age but remain 
within the upper limits of normal. There is no evidence of hydrocephalus.
Extra-axial Spaces: No abnormal extra-axial fluid collections are identified.
Post-Contrast: No areas of abnormal enhancement are seen. Specifically, there is no 
evidence of internal auditory canal (IAC) enhancement to explain the patient's vertigo.
Incidental Finding: A $5\text{ mm}$ benign-appearing pineal cyst is noted, which is a 
common incidental finding with no clinical significance.

IMPRESSION
Unremarkable MRI of the brain with and without contrast.
Small, non-specific white matter hyperintensities, likely representing mild chronic 
microvascular changes.
Incidental $5\text{ mm}$ pineal cyst, stable in appearance.
Radiologist: Dr. A. I. Collaborator, MD Board Certified Radiologist



Automated Report 
Drafting is the New 

Reality



Automated Brain Tumor MR Report Drafting

npj Digit. Med. (2026).https://doi.org/10.1038/s41746-026-02581-x



PAMA Legislation - CDS
• The Protecting Access to 

Medicare Act (PAMA) of 2014, 
Section 218(b), amended Section 
1834(q) of the Act to establish the 
AUC program to increase the use 
of AUC for advanced diagnostic 
imaging services provided to 
Medicare patients. 

• Now ”on hold” for administrative 
and logistical reasons.

• Never proven to reduce 
overutilization of expensive 
imaging services.

• AI Opportunity - Relook at this 
with AI.



Workflow: Lifecycle of an Imaging Exam

Image Order Acquisition Interpretation

CDS TriageRecon QC
CADe
CADx

Text
Gen

CC

ProtocolScanner

Scheduling

Motion

Feedback Courtesy Steven Rothenberg MD



New Quantitative 
Imaging Report

Exam: MRI Lumbar Spine without Contrast
Clinical Indication: Low back pain with bilateral lower extremity radiculopathy.

Technique:
Multiplanar, multisequence MRI of the lumbar spine performed without intravenous 
contrast.

Findings

Alignment:
Mild straightening of the normal lumbar lordosis. No spondylolisthesis.

Vertebral Bodies:
Vertebral body heights are maintained. Multilevel degenerative endplate changes, 
most pronounced at L4–L5 and L5–S1 with mild Modic type II signal changes. No acute 
fracture or suspicious marrow lesion.

Conus Medullaris:
Terminates at L1 and appears normal in signal and morphology.

Paraspinal Soft Tissues:
Unremarkable.

Level-by-Level Evaluation

T12–L1: No significant disc bulge, central canal stenosis, or foraminal narrowing.

L1–L2: Mild disc desiccation with minimal broad-based disc bulge. No significant canal 
or foraminal stenosis.

L2–L3: Disc desiccation with mild loss of disc height and broad-based disc bulge. Mild 
bilateral facet arthropathy and ligamentum flavum thickening. Mild central canal 
narrowing. Mild bilateral foraminal narrowing.

L3–L4: Moderate disc height loss with broad-based disc bulge and superimposed small 
         

Feature Category Metric Value Norm Range Interpretation

First-order Mean T2 intensity ↓ 1.8 SD ±1 SD
Reduced 
hydration

Texture (GLCM 
entropy)

4.92 ↑ 2.1 SD —
Increased 
structural 
heterogeneity

Texture (GLRLM 
short-run 
emphasis)

↑ 1.6 SD —
Matrix 
fragmentation

Shape
Posterior bulge 
volume

0.82 cc ↑ Disc protrusion 
burden

Disc Level Radiomic Features

Level Thecal Sac Area Percentile Canal Severity

L3–L4 82 mm² 12th %ile Moderate

L4–L5 58 mm² 4th %ile Severe

Quantitative Canal Metrics

Sarcopenia Measures
Metric Value Age/Sex Norm Interpretation

Total Paraspinal CSA 18.4 cm² 26.1 ± 3.2 ↓ 2.4 SD

Multifidus CSA 7.1 cm² 11.2 ± 1.5 Markedly reduced

Erector Spinae CSA 11.3 cm² 14.9 ± 2.0 Reduced

Muscle Fat Fraction 32% <15% Elevated

Muscle T2 
Heterogeneity 
(entropy)

↑ 2.1 SD —
Structural 
degeneration







“We could replace a great deal of 
radiologists with AI at this 
moment, if we are ready to do 
the regulatory challenge”

“There’s this story of, like—I think it was 
Geoff Hinton—predicting that AI will replace 
radiologists. And indeed, AI has gotten better 
than radiologists at, you know, doing scans, 
right?”



AI Benchmarking
• AI benchmarking is an 

overloaded term – different 
meaning.

• Domain experts should establish 
quality thresholds to compare AI 
tools performance for specific 
tasks.

• RSNA & ACR have been working 
towards developing AI imaging 
benchmark datasets and 
performance registries.  



Independent Testing



Courtesy John Eng, MD
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Summary

• Dependency on medical imaging continues to rise at an 
alarming rate.

• AI is looked upon to help with the demand & short resources.
• Health of the population is a high stakes proposition
• AI provides a set of tools that may improve efficiency and 

accuracy in healthcare – autonomous use without supervision 
should be approached with caution.

• Continuous monitoring of tools is paramount to ensure 
patient safety.





*Old Red AD 2123 courtesy of MidJourney v5

Be ne fits and  Risks In  AI
Fo r Clin ica l Im ag ing  and  Diag no sis

Peter McCaffrey, MD, MS, FCAP
VP, Chief Digital and AI Officer
Director, UTMB AI Center
University of Texas Medical Branch



Le arn ing  O b je ctive s

• Exp lore  b e ne fits, risks, and  e vid e nce  of AI inte rp re tation of 
d iag nostic information such as imag ing .

• Consid e r ind icators use d  b y the  me d ical community to  
id e ntify or sug g e st e rrors or misinte rp re tations in the  outp ut 
of AI syste ms or software .

• How AI he lp s, o r could  he lp , g uid e  me d ical d e cision-making  
re g ard ing  the  ne e d  for ad d itional d iag nostic or lab oratory 
te sting .



The  Pro m ise  o f AI in  Diag no stics

• Alle viate  Burnout and  Manag e  Volume .

• Enhance  What Can Be  Se e n.

• Exp and  the  Bread th of Use  for Ke y Tools

AI creates a richer, faster medical record but those who 
adjudicate over it must understand how that information 
was generated



O p p o rtun ist ic Scre e n ing

Existing  Diag no stic Me tho d s 
o n  Cla ssica l Mo d a lit ie s

Ne w  Diag no stic Me tho d s o n  
Cla ssica l Mo d a lit ie s

Ne w  Diag no stic Me tho d s o n  
Ne w Mo d a lit ie s



AI Mo d e rn izing  Cance r De te ctio n

AI is ce ntral to  p rostate  and  lung  cance r 
workflows at UTMB



A Re a lity Che ck o n  AI

• Al mod e ls can De g rad e  in Pe rformance  O ve r Time

• Data Shift  and  Mod e l Drift as Soft Failure s

• Data Anomalie s and  Hard  Failure s

AI cap ab ility is a  "J ag g e d  Fro ntie r"

https://www.hbs.edu/faculty/Pages/item.aspx?num=64700



AI Erro r Disto rts the  Me d ica l Re co rd

• AI p e rformance  me trics d o  not re fle ct the  real clinical 
conse q ue nce s of many d iffe re nt e rrors.

• Misse d  find ing s can cause  se rious harm, while  o the r e rrors 
may simp ly create  extra re vie w work.

• AI tools may p op ulate  or shap e  re cord s b e fore  a p hysician 
fully re vie ws the  case .

• AI can miss context that matte rs most for asse ssing  functional 
cap acity.

• Diag nostic re cord s may ap p ear comp le te  while  still 
containing  uncorre cte d  e rrors or omissions.



Q ua lity, Trustw o rth ine ss, and  Acco untab ility

• Acco untab ility Dile m m a: If an AI too l d irectly or ind irectly lead s to  a misd iag nosis in the  
med ical re cord , who is at fault? Conve rse ly, if a p hysician ove rrid e s or ig nore s AI and  
make s an e rror, are  they liab le?

• Calib ra tio n  Drift : If an AI mod e l's p red icted  p rob ab ilitie s of a d isease  no  long e r match 
actual clinical outcomes, how d oes this skew an ad jud icator's asse ssment of a claimant's 
d isab ility risk

• De fin ing  "Go o d  Eno ug h": The re  is an ong oing  need  to  e stab lish stand ard ized  
b enchmarks for accep tab le  AI accuracy comp ared  to  human sp ecialists.



Thank Yo u



Ap p e nd ix



In fo rm atio n  Eve ryw he re

O ve r 8.5 million consultations p e r month

More  than 10,000 hosp itals and
me d ical ce nte rs

40% of US p hysicians log  in d aily



BIAS IN IMAGING AI
What SSA should assume when the record doesn't say so

Judy Wawira Gichoya
William and Kay Casarella Professor of Radiology

Department of Radiology and Imaging Sciences

Emory University School of Medicine

NASEM Workshop  ·  Session 3B  ·  April 7, 2026
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Why this matters, in one number
Radiology is the test case for every other specialty

1,357 FDA-cleared AI-enabled medical devices as of December 2025.

1039 are radiology — the single largest concentration across all medical specialties.

Deployed performance does not match trial performance.

Workflow incompatibilities, automation bias, and differential subgroup performance repeatedly 
documented in real-world evaluations.

Whatever bias patterns we see in radiology first, SSA will be reading in every specialty soon.
Thesis: imaging AI bias is real, measurable, and almost always invisible in the record SSA sees.

FDA Center for Devices and Radiological Health, 2025; Zhang K, Khosravi B, Vahdati S, Erickson BJ. Radiology 2024;310(1):e230242.
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Bias starts before the AI model — not all patients get imaged the same
The upstream disparity the record never shows

Access to advanced imaging is already unequal.

• Medicaid and uninsured patients receive MRI/CT/PET at 52–67% the rate of privately 
insured patients for comparable presentations (Ross et al., JACR 2020; Smith-Bindman, 
JAMA 2019).

• Access to mpMRI/DBT/baseline screening

Rural and non-English-speaking patients sit further down the gradient.
• Travel distance, interpreter availability, after-hours MRI scarcity, and ED triage patterns 

all push the same populations to lower-modality workups.

The populations least likely to be imaged are the same ones biased models 
under-read when they are.
• Two disparities compound in the same direction. A 'normal' file for an under-imaged 

claimant may simply mean nobody ordered the scan.

Odds ratio of  CT/MRI imaging in the ER 

Ross AB et al. JACR 2020. Smith-Bindman R et al. JAMA 2019;322(9):843. Onega T et al. Cancer 2008. Schrager JD et al. Health Aff 2019.
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AI encodes demographics directly from pixels
Not a dataset artifact — an architectural property

Deep models predict self-reported race from chest X-ray, CT, and mammography.

Performance surpasses experienced radiologists, across modalities and architectures. Gichoya et al., Lancet Digital Health 2022.

Extended to sex, age, and future healthcare expenditure.

Sohn 2022 (chest radiographs → future expenditure); Oura 2023 (knee radiographs → sex). The phenomenon is not task-specific.

Shows up in CNNs, vision transformers, and linear probes.

Not a bug of any one architecture. The image itself carries the signal.

Gichoya JW et al. Lancet Digit Health 2022;4(6):e406–e414. 
Chen, Shengjia, et al. "Predicting Patient Self-reported Race From Skin Histological Images with Deep Learning." MICCAI Workshop on Fairness of AI in Medical Imaging. Cham: Springer Nature Switzerland, 2025.





Judy is “Black”/ Kenyan, F, 
60 yrs (CXR age = 78 yrs), 

SDI 45, ICD codes – COPD, 
CHF, 15,000 USD 





Shortcuts in medical imaging
E VID E N C E

Zech, John R. et al "Variable generalization performance of a deep learning model to detect pneumonia in chest radiographs: a cross-sectional study." PLoS medicine 15, no. 11 (2018): e1002683.
Lin, Manxi, et al. "Shortcut Learning in Medical Image Segmentation." arXiv preprint arXiv:2403.06748 (2024).

Badgeley, M.A. L. et al. Deep learning predicts hip fracture using confounding patient and healthcare variables. npj Digit. Med. 2, 31 (2019).



ME C H AN IS MS 6 / 10

How bias gets locked into the file
Shortcut learning + automation bias and deskilling

Shortcut learning.

Models exploit hospital tokens, laterality markers, equipment signatures, acquisition year. 
CE-marked / FDA-cleared knee OA tools change predictions on horizontal image flip 
(Banerjee et al., JACR 2023).

Automation bias.

Biased AI raised error rates 0.69 → 2.21 and persisted on new cases (Vicente & Matute). 
Dratsch mammography crossover: inexperienced radiologists dropped 80% → 20% 
following incorrect AI.

Deskilling.

Gastroenterology: 20% decrease in adenoma detection on unassisted colonoscopy after 
routine AI exposure — the first documented case of AI-induced deskilling affecting patient 
outcomes.

Automation bias in mammography

Banerjee I et al. JACR 2023;20(9):842–851. Dratsch T et al., mammography crossover. Vicente & Matute; gastro deskilling 2024.
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Best demographic predictors = most unfair models
Encoding is not neutral — it competes with pathology

The finding.

Models with the highest demographic prediction accuracy also show the largest fairness 
gaps in clinical performance. Yang, Zhang, Gichoya, Katabi, Ghassemi. Nat Med 2024.

The mechanism.

Demographic shortcuts compete with pathology features. The same representations that let 
a model guess who the patient is make it worse at telling the doctor whether they are sick.

The policy implication.

Not 'remove bias' — mathematically impossible under differing base rates. It's 'deploy with 
awareness of bias you cannot fully remove.’ and remember Fairness guarantees DO NOT 
travel

Yang Y et al. The limits of fair medical imaging AI in real-world generalization. Nat Med 2024;30:2838–48.
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What the gaps actually look like after AI deployment
Three modalities, three numbers

Chest X-ray.

Systematic underdiagnosis of Black, female, Hispanic, and Medicaid patients. Age gaps 
reach 30% between elderly and young adults (Seyyed-Kalantari et al., Nat Med 2021).

Dermatology.

73% vs 60.5% accuracy — light-skinned vs dark-skinned subjects on commonly 
benchmarked commercial models.

Cardiac MRI (UK Biobank).

10% relative performance drop for Black and female patients on segmentation. 
Intersectional gaps compound — young Black Medicaid patients in ED settings carry the 
highest CXR underdiagnosis.

Subgroup Evaluation  of an ICH algorithm

Seyyed-Kalantari L et al. Nat Med 2021. Vision-language foundation models extend this across 48 radiographic findings (chapter §New Frontiers)
Chavoshi, Mohammadreza, et al. "Real-world performance evaluation of a commercial deep learning model for intracranial hemorrhage detection." npj Digital Medicine(2025).



"Toward fairness in artificial intelligence for medical image analysis: identification and mitigation of potential biases in the roadmap from data collection to model deployment," J. Med. Imag. 10(6) 061104 (26 April 2023)
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The record is stripped of every bias signal
And the provenance, where it exists, is empty

What the adjudicator gets.

Radiology report text only. No image, no model ID, no version, no confidence, no subgroup 
performance. USCDI v3 carries diagnostic imaging reports but not images. FHIR 
DiagnosticReport has no 'AI-assisted' field.

What the provenance would say.

Of 692 FDA-approved AI devices: 3.6% report race/ethnicity, 99.1% provide no 
socioeconomic data, 81.6% fail to report age distributions. Fewer than 15% of published 
radiology AI papers report comprehensive sociodemographic data (Driessen, Gichoya et al., 
JACR 2023).

Even perfect disclosure would not tell SSA whether the model works for 
the claimant.
'Ask for provenance' is not enough when the provenance is empty.

FDA-approved AI device transparency gap. n = 692 devices.

Driessen, Rebecca, et al. "Sociodemographic variables reporting in human radiology artificial intelligence research." Journal of the American College of Radiology 20.6 (2023): 554-560.
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Equity implications for disability evaluation
The bias is coherent and asymmetric

Under-imaged claimants look 'less objective.'

Access disparities upstream — rural, uninsured, non-English-speaking, behavioral-health — mean fewer imaging findings in the file. The Blue Book asks for objective evidence the claimant 
never got the chance to generate.

Biased models under-describe severity for the same people.

The populations least likely to be imaged are the populations most likely to be under-read when they are imaged. Two disparities compound in the same direction.

Language in the note tilts supportability and consistency.

Black patients are 2.54× more likely to have negative descriptors ('noncompliant,' 'refused') in their notes (Sun et al., Health Affairs 2022). Every piece of this goes into the 20 CFR 404.1520c 
analysis.

Sun M, Oliwa T, Peek ME, Tung EL. Health Aff 2022;41(2):203–211. Obermeyer Z et al. Science 2019;366:447.
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Skepticism signals SSA can use tomorrow
Practical heuristics that don't depend on provenance disclosure

Sparse imaging for a severe presentation.

Trigger a consultative examination instead of inferring absence of disease.

Missing modality for the impairment.

No MRI for neuro, no EMG for radiculopathy, no echo for unexplained dyspnea — that is a 
record gap, not a negative finding.

Short, templated, single-reader reports.

Without a peer-review trail, treat as lower-weight evidence under the supportability prong.

Discordance between patient-reported function and imaging narrative.

The narrative may reflect shortcut features, not the patient's actual disease state.

Stigmatizing or dismissive language in notes.

Flag for review under consistency.

Site-of-care and equipment markers known to correlate with shortcut 
learning.
If the only imaging comes from a facility with templated AI-assisted reads, weight 
accordingly.
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What to demand, what to leave with
Three asks, three takeaways

Three things to demand.

FHIR provenance extension for AI on imaging reports.

Model, version, confidence, training-cohort demographics.

Subgroup-performance disclosure – post real-world monitoring.

Ganapathi et al., Nat Med 2022. This is where Shantanu's FDA lane picks it up.

Routine SSA outcome audits by claimant demographics × imaging-
modality coverage.
Detection, not prediction. Appeal pathway for AI-influenced findings.

Three things to leave with.

Bias in imaging AI is architectural.

Models encode demographics from pixels whether you ask them to or not.

The best demographic predictors are the most unfair models.

'Pick a better model' is not a strategy.

Skepticism signals work today.

Build audit and appeal into the pipeline now, before deployment scales.

Thank you. Ganapathi S et al., STANDING Together. Nat Med 2022. Happy to continue in the panel.



https://datathon.org



Thank you
Questions & discussion

Judy Wawira Gichoya
Emory University School of Medicine  ·  HITI Lab

judywawira@emory.edu



Fr o m  Nar r a t ive  t o  Naviga t io n
The  Imp ac t  of Amb ie nt  and  Age nt ic  AI on Me d ic al Doc ume ntat ion

Da vid  Dorr, MD, MS

Chie f Re se arch Informat ion Offic e r and  St rate gic  Le ad , AI, OHSU

Workshop : AI and  the  Med ical Record  in the  Context  of SSA Disab ility Evaluat ions



Th e Do cu m en t a t io n  Revo lu t io n

Source : Evaluat ion of Ambient  AI Sc ribe s  in Primary Care  (20 24)

Am bien t  Scr ibe  AI Ad o p t io n

Ra p id  De p loym e nt : Curre nt ly ac t ive  in ove r 70 % 

of major he alth sys te ms .

The  Shift : Moving from manual typ ing to 

"Conve rsat ional Cap ture ."

Pros : Highe r p rovid e r e ye  c ontac t ; c ompre hens ive  

narrat ive .

Ris ks : "Ove r- d ocumentat ion" and  "Summary Bias" 

favoring c linic al s ignals  ove r func t ional limits .



Th e AI- Dr iven  Pa t ien t

"The  med ic al may bec ome  a c urated  narrative  of AI- d riven s e lf- advoc acy."

Se lf- Diagn o s is  2 .0

Pat ie nts  are  us ing Large  Language  Mod e ls  

(LLMs) like  ChatGPT and  Ge mini to inte rp re t  

c omp lex symp toms b e fore  re ac hing the  c linic .

Pa t ien t - Led  En co u n t er s

AI p rovid e s  p at ie nts  with "sc rip ts" to re q ue s t  

sp e c ific  d iagnos t ic  te s ts  or sp e c ialty re fe rrals , 

moving re p orts  away from "raw" p re se ntat ion.



Agen t ic Naviga t io n  & Car e  Team s

Fr o m  To o ls  t o  Agen t s

AI shift ing from p ass ive  "c he c klis ts" to ac t ive  

"age nts" that  guid e  c linic ians  through c omp le x 

workflows .

Th e  Clin ica l Co m p as s

Age nts  "nud ge " c are  te ams for c omp le te ness  

(e .g., "Pat ie nt  me e ts  c rite ria  for X, ord e r te s t  Y").



Th e " Co m p let en es s "  Pa r ad o x

M NA
R

MISSING NOT AT RANDOM

Th e In t er p r e t a t io n  Tr ap

Data gap s  are  now s ys t e m ic , not  rand om. A 

"c omple te " re c ord  may re fle c t  te c hnologic al ac c e ss  

rathe r than c linic al se ve rity.

Digit a l Divid e : AI- rob us t  d oc umentat ion in 

urb an c e nte rs  vs . sp arse  re c ord s  in rural safe ty-

ne t  c linic s .

Signa ling Dis p a rit y: "Miss ing d ata" is  b e c oming 

a  p rimary s ignal of soc ial and  te c hnological 

ine q uality.



So u r ces  o f AI Bia s  
 in  Do cu m en t a t io n

From Pat ie nt  → AI Sc rib e  → EHR → SSA Re vie we r



Er r o r s  Ext an t  in  t h e  AI Ch a r t

Ha lluc ina t ions : AI "inve nt ing" p hys ic al e xam find ings  that  "fit " the  d iagnos is  b ut  we re  ne ve r ac tually 

p e rformed .

Cloning: The  rap id  p rop agat ion of AI- ge ne rate d  e rrors  ac ross  mult ip le  vis it s  and  p rovid e rs .

The  "Ve ne e r of Ac c ura c y": Highly p rofe ss ional- looking note s  that  mask und e rlying c linic al inac c urac ie s .



Call fo r  Tr an s p a r en cy

1. We lc om e  Tra ns p a re nc y: Re q uire  "AI 

Prove nance" tags  to id e nt ify synthe s ize d  vs . 

human- he ard  c onte nt .

2. Cont e xt  is  King: Dis t inguish b e twe e n AI 

q uant ific at ion and  AI narrat ive  synthe s is .

3. The  Hum a n Anc hor: Maintain "Clinic al 

Corrob orat ion" to e nsure  longitud inal 

func t ional re ality matc hes  the  note .



Key Res o u r ces  fo r  SSA

Tha nk You

Orga niza t ion  /  Aut hor Re s ourc e  Tit le Ke y Foc us

Dorr, D. A., e t  a l. (20 24) Evaluat ion of Amb ie nt  AI Sc rib e s Primary Care  De p loyment  Data

CHAI Re sp ons ib le  AI Framework Coalit ion for He alth AI Stand ards

Nat ional Ac ad e my of Me d ic ine AI in He alth Care Hop e , Hyp e , Promise , and  Pe ril

FSMB AI in Doc ume ntat ion Guid e line s State  Me d ic al Board  Stand ards



FDA Cons idera t ions  for Regu la t ing  AI -
Ena b led  Ra d iolog ica l Devices
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Robert  Ochs , Ph .D.
Director
OHT8: Office  of Ra d iolog ica l Hea lth
Office  of Product  Eva lua t ion  a nd  Qua lity
Cen ter  for  Devices  a nd  Ra d iolog ica l Hea lth
U.S. Food  a nd  Drug  Adm in is tra t ion
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Risk-Based Regulatory Approach

• Some software functions do not meet the definition of a medical device 
(i.e., FDA does not regulate)

• Low-risk medical devices are generally exempt from FDA premarket 
review

• Moderate to high-risk medical devices undergo premarket review of 
their safety and effectiveness – some are also subject to post-market 
studies
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Authorized AI-Enabled Devices

• Public AI-Enabled Medical Devices List
– 1430 AI-enabled devices (through March 4, 2026)

• Radiological AI examples:
– Image segmentation and quantitative 

measurements
– Image acquisition
– Aids for image triage (alerting & prioritizing 

potentially time-sensitive cases for review)
– Aids for image interpretation (e.g., marking an 

image and assessing the likelihood of disease)

https://www.fda.gov/medical-devices/software-medical-device-samd/artificial-intelligence-enabled-medical-devices
https://www.fda.gov/medical-devices/software-medical-device-samd/artificial-intelligence-enabled-medical-devices
https://www.fda.gov/medical-devices/software-medical-device-samd/artificial-intelligence-enabled-medical-devices
https://www.fda.gov/medical-devices/software-medical-device-samd/artificial-intelligence-enabled-medical-devices
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Benefits & Risks

Benefits
• Accuracy
• Efficiency
• Consistency
• Workflow
• Insights

Risks
• Diagnostic errors
• Lack of generalizability
• Lack of transparency
• Automation bias 
• Performance changes
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Intended Use

• Understanding the 
intended use is essential 
for the premarket review

Segment lung anatomy 
≠

Detect lung nodules > 5mm
≠

Output likelihood of lung cancer
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Premarket Review

• Intended Use 
• Design
• Performance testing
• Risk mitigations
• Labeling / user manual(s)
• Software & cybersecurity
• Predetermined change control 

plans (if submitted)

• Post-market monitoring plans 
(if applicable)

Good Machine Learning Practice for Medical 
Device Development: Guiding Principles

• Clinical Study Participants and Data Sets 
Are Representative of the Intended Patient 
Population

• Training Data Sets Are Independent of Test 
Sets

• Testing Demonstrates Device Performance 
during Clinically Relevant Conditions

• Users Are Provided Clear, Essential 
Information

• Deployed Models Are Monitored for 
Performance and Re-training Risks Are 
Managed

• …

https://www.fda.gov/medical-devices/software-medical-device-samd/good-machine-learning-practice-medical-device-development-guiding-principles
https://www.fda.gov/medical-devices/software-medical-device-samd/good-machine-learning-practice-medical-device-development-guiding-principles
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FDA Public Databases

• Information on authorized devices will depend on the submission type
• At a minimum -  the intended use and a summary of the premarket testing



83

Summary

• FDA takes a risk-based approach to the oversight of AI-enabled medical 
devices

• Moderate to high-risk medical devices undergo premarket review of their 
safety and effectiveness – some are also subject to post-market studies

• FDA public databases can provide information on a device’s intended use 
and premarket testing

• Best practices, including transparency to users, can promote the 
generalizability and benefits of AI while reducing the risks
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