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Ge ne rative  AI use  case s tod ay are  b ase d  on Larg e  
Lang uag e  Mod e ls (LLMs)

Source: epochai.org

Transforme rs Archite cture : 
~200 million p arame te rs

O p e nAI GPT-2 (Early 2019): 
1.5B p arame te rs

O p e nAI GPT-3 (2020): 175B 
p arame te rs

Curre nt SOTA mod e ls 
rumore d  to  b e  ~1T 
p arame te rs
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Larg e  Lang uag e  Mod e ls are  next word  p re d ictors 

• This is a surp rising ly g ood  task 
for und e rstand ing  lang uag e

• An LLM as a function which 
take s in a se rie s of word s and  
g ive s you the  p rob ab ility 
d istrib ution ove r ne w word s

"In a p atie nt p re se nting  with ne p hro tic synd rome , 
microscop ic he maturia, and  se nsorine ural hearing  
loss, the  most like ly d iag nosis is Alp ort synd rome , 
which is cause d  b y mutations affe cting  typ e  IV 
collag e n, sp e cifically in the  ______."



P r o p r i e t a r y  a n d  C o n f i d e n t i a l || 7D I H I

Duke Institute 
for Health Innovation

Instruction tuning  and  Re inforce me nt Learning  with 
Human Fe e d b ack transforme d  LLMs into  useab le  too ls
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Prior to  Instruction Tuning
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Instruction fine -tuning  allows for d ialog ue
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Mod e rn LLMs can p e rform in-context le arning , he nce  
the  rise  of “p romp t e ng ine e ring ”
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Chain of Thoug ht is a p op ular p romp t e ng ine e ring  
te chniq ue
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The re  are  many creative  ways to  e ng ine e r p romp ts
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Promp t e ng ine e ring  can b e  a p owe rful p arad ig m for 
maximizing  p e rformance  of LLMs
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Examp le s for healthcare  ap p lications

• Virtual Scrib ing
• Note  summarization
• Re g istry d ata p op ulation
• Patie nt me ssag e  re sp onse
• Conve rsational AI for sche d uling
• Me d ical Cod ing  he lp
• End -of-shift no te s for nursing
• …
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The  te chnolog y will no t p rovid e  a moat

• The  moat for p rod ucts in this sp ace  are :
• Acce ss to  d ata for fine -tuning  mod e ls
• Inte g rations into  workflows

• The  LLM te chnolog y is/will b e come  
commod itize d  in the  future

• O p e n-source  mod e ls p rovid e  a d e ce nt 
found ation (~70% p e rformance )

• Imp ortant for HIPAA comp liance
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He re  is a d e mo I p ut tog e the r in 30 minute s

LLM + Prompt
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Clinical Note
Date of Consultation: [Date]
Provider: Vinod Patel, GP Registrar
Patient: [Name] (Anonymized for privacy)
Chief Complaint:
•The patient presents with diarrhea persisting for the last two to three weeks.
History of Present Illness:
•The patient has been experiencing increased bowel movements, with up to eight times a day, including nocturnal awakenings to defecate, which is unusual for them. The stool is 
described as runny, with no notable change in color but includes the presence of blood for a couple of days. The patient denies any difficulty in flushing away stools or noticing 
undigested food in them.
•Associated symptoms include abdominal pain, described as crampy and centered around the middle of the abdomen. The pain is somewhat relieved after defecation but does not 
completely dissipate. The pain is rated as a 4 out of 10 in terms of severity, indicating discomfort but not agonizing pain.
•The patient reports no specific triggers that worsen the abdominal pain but mentions it primarily occurs before defecation.
•No changes in diet or eating habits were noted that could contribute to the symptoms.
Review of Systems:
•Gastrointestinal: No difficulty chewing, no mouth ulcers, no difficulty swallowing, occasional indigestion, especially on weekends.
•Other Systems: No additional symptoms were reported.
Past Medical History:
•The patient did not provide details of past medical issues but indicated no similar episodes in the past.
Social History:
•Not discussed in the provided transcript.
Family History:
•Not discussed in the provided transcript.
Assessment/Plan:
1.Differential Diagnosis: Considering the presence of blood in stools, frequent diarrhea, nocturnal symptoms, and abdominal pain, the differential diagnoses could include 
infectious colitis, inflammatory bowel disease (such as Crohn's disease or ulcerative colitis), and possibly irritable bowel syndrome (IBS), although the presence of blood is more 
concerning for an inflammatory or infectious cause.
2.Diagnostic Testing: Recommend stool studies to rule out infectious causes, CBC to check for anemia or signs of infection, CRP/ESR to assess for inflammation, and possibly 
imaging studies or a referral for colonoscopy to further evaluate the cause of symptoms.
3.Management: Symptomatic treatment for diarrhea and pain management, pending further diagnostic results. Advice on hydration and dietary adjustments to manage symptoms.
4.Follow-up: Schedule a follow-up appointment to review test results and adjust the treatment plan based on findings.
Note: This clinical note is based on a limited transcript and assumes no additional information is provided by the patient. Further history, examination, and diagnostic workup are 
necessary for a comprehensive assessment and management plan.
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The re  are  inhe re nt limitations to  larg e  lang uag e  mod e ls

• Some time s, LLMs hallucinate
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Can we  avoid  hallucination?

• Short answe r: No
• Fund ame ntally, p rob ab ilistic mod e l ove r word s
• The re  are  many strate g ie s to  try and  comb at 

hallucination
• Multip le  examp le s + voting
• Re fle ction
• Ve rification chains
• Unce rtainty q uantification
• …
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LLMs can also  p e rp e tuate  existing  ine q uitie s
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The  ove rall road map  for inte g ration of g e ne rative  AI 
p rod ucts is a familiar p roce ss

1. Id e ntify clear ne e d s and  g oals
2. De fine  outcome , safe ty, and  p roce ss me trics
3. De sig n the  e valuation (q uantitative  and  q ualitative )
4. Eng ag e  and  train stake hold e rs and  use rs
5. Imp le me nt, te st, and  e valuate
6. Comp liance  and  Ethical Consid e rations
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Case  Stud y

• Kaise r imp le me ntation of virtual scrib e s

https://catalyst.nejm.org/doi/full/10.1056/CAT.23.0404
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Id e ntify clear ne e d s and  g oals
The  exp licit g oals of this p ilo t:

• facilitate engagement by demonstrating growing and sustained adoption of ambient AI by number 
of clinicians and percentage of patient encounters across diverse specialties and settings;

• aim for effectiveness by reducing the burden of documentation within and outside of direct 
patient encounters;

• enhance the physician–patient relationship by increasing the amount of time physicians spend 
interacting with patients by improving engagement and reducing time spent interacting with a 
computer4; and

• maintain documentation quality by developing approaches to assess and safely use ambient AI 
technology capabilities in transcription and summarization.

https://catalyst.nejm.org/doi/full/10.1056/CAT.23.0404#core-r4


P r o p r i e t a r y  a n d  C o n f i d e n t i a l || 28D I H I

Duke Institute 
for Health Innovation

De fine  outcome , safe ty, and  p roce ss me trics

• “…we  id e ntifie d  se ve ral ag g re g ate  EHR workload  me trics (e .g ., “p a jam a  t im e ,” 
t im e  o u tsid e  w o rking  ho urs, t im e  sp e nt  in  no te s p e r cha rt) to  asse ss chang e s 
b e fore  and  afte r AI use  among  AI scrib e  use rs, comp are d  with nonuse rs, and  
ad juste d  for clinician, sp e cialty, and  ap p ointme nt vo lume  (i.e ., d iffe re nce -in-
d iffe re nce s analysis).”

• Base d  on p re liminary d ata in a samp le  of 2 1  p a t ie nt  surve ys from a sing le  clinic 
site , 7 1 % re p o rte d  the y sp e nt more  time  sp eaking  with the ir p hysician, while  
one  said  the y sp e nt le ss time . O ve rall, 8 1 % o f p a t ie nts re p orte d  that the ir 
p hysician sp e nt le ss time  looking  at the  comp ute r scre e n than in the ir p re vious 
visits. All p atie nts state d  that the  AI scrib e  e ithe r had  no  e ffe ct o r e nhance d  the ir 
visit. All p atie nts re p orte d  fe e ling ne utral to ve ry comfortab le ab out an AI too l 
b e ing  use d  in the ir visit.
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De sig n the  e valuation – Quality Me trics
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Imp le me ntation and  Te sting

• Dedicated team to 
oversee the 
implementation

• Provided technical 
support and training 
throughout 
implementation period 
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The re  was a larg e  e ffort p lace d  in clinician training

• 1 hour virtual inte ractive  we b inar
• Ed ucate d  p hysicians on g aining  p e rmissions from p atie nts to  use  the  

virtual scrib e
• Patie nt-facing  mate rials

• Ed ucational hand -outs
• Poste rs at p articip ating  site s

• De sp ite  this, only a roug hly 30% ad op tion rate  d ue  to  te chnical 
imp le me ntation and  chang e  manag e me nt
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Ste p p ing  b ack – how should  we  frame  g e ne rative  AI 
p rod uct e valuation?

• Major takeaways:
• The  imp le me ntation of g e ne rative  AI too ls is similar to  the  ad op tion of any too l into  

the  clinical se tting
• Similar strate g ie s and  chang e  manag e me nt must b e  e mp loye d

• The  majority of use  case s will ne ce ssitate  human-in-the -loop  fe e d b ack 
since  most use  case s have  humans in the  loop !

• The re  is still lo ts of work to  b e  d one  on mitig ating  b ias and  p re ve nting  
hallucinations

• Evaluation will d e p e nd  on the  exact use  case  and  me trics d e fine d  a p riori
• Automate d  e valuation is still far away (and  p e rhap s not feasib le )
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AI will b e come  multi-mod al and  b e  ab le  to  take  actions

• The  two main tre nd s in g e ne rative  AI will b e
• Multimod al

• O p e nAI Sora (text-to-vid e o)
• Vid e o-to-text
• Text-to-sp e e ch
• Etc.

• Action-orie nte d
• LLM Ag e nts can take  actions on a use r’s b e half

• Inte g ration of the se  too ls into  healthcare  will ne e d  care ful p lanning  and  
e valuation
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