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Agenda for today

1. Why is there so much text in medicine?
2. Types of data in the EHR (with show and tell!)
3. Four large categories of LLM use

1. Information retrieval
2. Patient communication
3. Text generation
4. Clinical decision support

4. Barriers to LLM adoption in healthcare
5. Future directions
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Where does all this 
information even 

come from?!3



Medical documentation is as old 
as writing
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Epidemics II
(attr. to 

Hippocrates)

Case V. The woman affected with quinsy, who 
lodged in the house of Aristion: her complaint 
began in the tongue; speech inarticulate; tongue 
red and parched. On the first day, felt chilly, and 
afterwards became heated. On the third day, a 
rigor, acute fever; a reddish and hard swelling on 
both sides of the neck and chest, extremities cold 
and livid; and livid; respiration elevated; the drink 
returned by the nose; she could not swallow; 
alvine and urinary discharges suppressed. On 
the fourth, all of the symptoms were exacerbated. 
On the fifth she died of the quinsy.

Hippocrates, Epidemics. Book II, section II, case V. 
Written 400 B.C.E.
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Source-oriented 
medical record
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ROS and the birth of structured data
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Types of Data in the EHR

• Structured data
• Lab results, billing codes, orders, vital signs

• Unstructured data
• Physician notes, patient narratives, radiology reports

• Semi-structured data
• Templated notes

• Show and tell with OMR!
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33% of text in the chart was duplicated in 2015 – 50.1% duplicated in 2020

Coming directly from notes – records with more notes had 60% duplicated text!
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INFORMATION 
RETRIEVAL

CLINICAL DECISION 
SUPPORT

PATIENT 
COMMUNICATION

TEXT GENERATION
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Information Retrieval

• Point-of-care decision support.
• In 1950 the doubling time of medical knowledge was ~50 years
• It is now ~ 73 days
• Retrieval-augmented generation POC resources have proliferated and are 

being rapidly adopted (OpenEvidence, Pathway, ClinicalKey AI, Glass)
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Information Retrieval

• Semantic search
• Doctors spend over 50% of their day searching for and 

organizing information from the health record (and only 
6 minutes per patient)

• LLMs (along with other search algorithms) might be 
able to allow for more efficient information retrieval

• Coding/billing
• LLMs are effective at extracting medical diagnoses; 

multiple companies are working on billing software.
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Information Retrieval

• Random sample of structured 
and unstructured data (though 
no progress notes) from 1000 
patients at BIDMC (MIMIC-IV)

• Reference standard of physicians 
+ medical coders; determined 
the “hit rate” (that is, the 
proportion of correct diagnoses) 
from GPT-4 and PaLM2.

• Average hit rate of 94.1%, 
corresponding to 1116 unique 
diagnoses
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Text generation

• Writing notes is the second most time-consuming medical task
• Pajama time is rampant – full time clinical physicians spend an 

average of 2.8 hours per unscheduled day – mostly weekend and 
holidays

• Earliest LLM intervention is “ambient listening” – an AI scribe that 
listens to a patient encounter and produces a note. 

• However, early data suggests that they do not save much time largely 
due to hallucinations

19



Text generation

• Other proposed interventions are widespread use of LLMs in charts –
“upcoding,” writing summaries, and even primarily generating 
assessments and plans
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Early LLM in healthcare implementations 
have been mixed
• QI project of Nabla at Kaiser 

Northern California – decreased 
time spent documenting, with 
no other changes in EHR 
utilization with a dose-response 
curve

• Manual audit of notes showed 
high quality of Nabla-assisted 
notes

Ambient Artificial Intelligence Scribes to Alleviate the Burden of Clinical Documentation, NEJM Catalyst
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Patient Communication

• Physicians spend ~1 hour a day responding to portal messages pre-
pandemic, with increase of > 60%

• Early data suggested that LLMs were capable of helping to write first 
drafts of these messages

• Technology has been widely implemented across the US, but early 
data does not show considerable time savings and may even take 
more time.
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Patient Communication – Mixed Results

• Randomized QI study of 122 
physicians with AI drafted 
replies.

• Read time was 21.8% higher in 
LLM group, reply time 
unchanged, and length 17.9% 
higher. 

• “Turing test” study of patient 
concerns in Rad Onc clinic – AI + 
human “best of both worlds”

Tai-Seale M, Baxter SL, Vaida F, Walker A, Sitapati AM, Osborne C, Diaz J, Desai N, Webb S, Polston G, Helsten T, Gross E, Thackaberry J, Mandvi A, Lillie D, Li S, Gin G, Achar S, Hofflich H, Sharp C, Millen M, Longhurst CA. AI-Generated Draft Replies Integrated Into Health Records and 
Physicians' Electronic Communication. JAMA Netw Open. 2024 Apr 1;7(4):e246565. doi: 10.1001/jamanetworkopen.2024.6565. PMID: 38619840; PMCID: PMC11019394. Chen S, Guevara M, Moningi S, Hoebers F, Elhalawani H, Kann BH, Chipidza FE, Leeman J, Aerts HJWL, Miller T, 
Savova GK, Gallifant J, Celi LA, Mak RH, Lustberg M, Afshar M, Bitterman DS. The effect of using a large language model to respond to patient messages. Lancet Digit Health. 2024 Apr 24:S2589-7500(24)00060-8. doi: 10.1016/S2589-7500(24)00060-8. Epub ahead of print. PMID: 
38664108.
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Clinical Decision Support

• Medical errors are a huge cause of morbidity and mortality
• AI support – such as naïve Bayesian systems and expert systems have 

been in use since the 1970s.
• LLMs can give scalable clinical decision support in diagnostic tasks and 

may be able to help in management – though many questions remain 
about the various uses and risks.
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Why aren’t LLMs everywhere in healthcare?

• Privacy!
• HIPAA’s confidentiality requirements make LLM implementation more difficult 

in other fields

• Regulatory environment
• Software as a medical device (SaMD) not sufficient for LLMs.

• Interpretability
• Lack of interpretability might limit uptake

• Bias and fairness.
• LLMs encode human biases, especially concerning if used for decision support
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LLMs contain the bias of their pretraining and 
finetuning

• Asked GPT-4 to create clinical vignettes
• Over-represented demographic stereotypes of diseases

• Asked GPT-4 to give management plans for cases while substituting gender 
and race/ethnicity

• Less likely to recommend advanced imaging for Blacks compared to whites

Zack, Travis, et al. Lancet Digital Health (2023).
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Presenter Notes
Presentation Notes
Lastly, I wanted to touch on how LLMs have potential for bias, which is a large concern if they were to be implemented in practice

The main study evaluating this is one Dr. Albdonour participated in. 

They asked GPT-4 to create clinical vignettes for 18 different diagnoses, each of which they ran 50 times. 
And what they found was that it over-represented racial and gender stereotypes of diseases
For example, when asked to generate a case on sarcoidosis, GPT-4 almost exclusively generated a case about a black female patient, when in fact, close to 50% of patients with sarcoidosis are white

Secondly, they asked GPT-4 to give treatment recommendations across 19 vignettes, where they repeated while only switching gender and race/ethnicitiy.

 a variety of case presentations, and then asked clinical reasoning questions while alternating patient race, gender identity, and ethnicity.
- Among other things, they found it was less likely to recommend advanced imaging (CT, MRI, US) for black patients than for whites





Hallucinations are a well-known problem to anyone who was used an LLM; they’re a problem throughout ALL diagnostic LLMs, but probably the most visible example is their tendency to hallucinate references. This is from an interesting study that developed a series of standardized prompts to developed and check references – in GPT3.5, 98 percent of references are hallucinated, with only 20.6% is GPT-4 – a massive improvement, but also not at all acceptable. 

Leo’s paper: https://www.medrxiv.org/content/10.1101/2023.07.13.23292577v2



Future Directions

• EHR integrations of LLM tools
• Prior iterations of AI tools have largely existed outside of EHRs – this appears 

to be changing.

• Patient-facing CDS
• LLMs are capable of directly interfacing with patients; in some early studies 

(such as in therapy) patients prefer the LLM interaction.
• OpenNotes is now federal law (21st Century Cures Act)
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Reflections, 
questions, and 
comments?

Bedside Rounds
www.bedsiderounds.org

Short Cuts: Medicine (in 
bookstores around the world)
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