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Artificial Intelligence Timeline
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Promise of Artificial Intelllgence & Machine Learning
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Autonomous Al

In 2018, first Software as a Medical
Device Al approved by FDA to not
require physician interpretation.

CDS: Bleher H, Braun M, Al and Ethics, Jan 2022, DOI:10.1007/s43681-022-00135-x, autonomous Al: Abramoff MD, et al. Retina 10/2016. https://iovs.arvojournals.org/article.aspx?articleid=2565719

Jin W. et al. Lu Zhivone. Nature Communications 2024:15:9074



Gartner Hype Cycle for Artificial Intelligence
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Numerous Potential Applications of LLMs
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Potential for LLMs to Support Clinical Trials

Transl Clin Pharmacol. 2023 Sap;31(2):131-138
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W) cCheck for updates
emerging roles of large language
models
Jong-Lyul Ghim (> ** and Sangzin Ahn (> **’
Area of application Details Related Examples
Enhance patient-trial matching Automate pre-screening using LLMs, streamline evaluation - Cross-referencing medical profiles with eligibility
of eligibility criteria, and produce step-by-step reasoning of criteria [9].
output. - Predicting trial-level eligibility scores [10].
Streamline clinical trial planning Process extensive text data, generate coherent text from - Summarizing clinical trial data [12].
simple descriptions, and predict clinical trial outcomes. - Creating criterion descriptions [13].
- Predicting trial outcomes [14].
Applications on free text narratives Enhance the consistency and accuracy of data coding from - Classifying electronic health records [17].
free text. - Coding text data requiring deductive analysis [19].
Assistance in technical writing Automate medical document writing and convert between - Generation of patient discharge summaries [22].
tabular data and free-form text. - Summarization of radiology reports [23].
Provide cognizant consent Improve comprehension of consent through LLM-powered - LLMs providing answers based on the most recent
chatbots and generate text for knowledge gaps. information [27].

- Assessing knowledge and filling gaps [29].
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Timeline & Key Technologies for LLMs
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Word2Vec

LN ] LR ]
-1 1
INPUT  PROJECTION  OUTPUT D) l_ W(ED) | | WesD) ‘l i)
Embedding Layer A
wit-2) {wocab_sire x embed_dm)
1
' | I; 3 mar
1 Wit-n) wit1) Wite1) W(ten) 0.
ernbedding ermbedding embedding ermbedding T wWoman

Illlr{['1 :l = ‘L.

| SUM R Lambda Layer ] 0.

' “E@ king .a
—— ) : @
[ Wiawg) embedding | gueen
¥

wit+1) %

. wit) wt)
wil+2) l J

Compute Loss and BackProp
Visual depictien of the CBOW deep learning model
https://arxiv.org/pdf/1301.3781.pdf https://www.kdnuggets.com/2018/04/implementing-deep-learning-methods-feature-engineering-text-data-cbow.html

https://www.analyticsvidhya.com/blog/2017/06/word-embeddings-count-word2veec/



Attention Mechanism & Transformers

e Attention Mechanism

— Earlier RNN & LSTM struggled with long
sequences and lost context

— Solved by enabling models to weigh different
parts of the input differently (attention
weights)

* Transformers

— Encoder: processes entire input sequence,
generates context aware representation

— Decoder: generate representation as output
sequence

* Allows processing of long text inputs

https://arxiv.org/abs/1706.03762
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Large Language Models: Auto-regressive language modeling
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LLM Diversity & Growth of LLM Parameters
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Zero-Shot Learning
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Retrieval Augmented Generation
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Retrieval Augmented Generation
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LLMS in Medical Produce Safety Surveillance



Importance of Al In Medical Product Safety

Executive Order October 30, 2023

-

\_

N
... support ... Al tools for ... real-world

evidence programs, population health,
[and] public health

(e) To advance responsible AT innovation by a wide range of healthcare
technology developers that promotes the welfare of patients and workers in
the healthcare sector, the Secretary of HHS shall identify and, as
appropriate and consistent with applicable law and the activities directed in
section 8 of this order, prioritize grantmaking and other awards, as well as
undertake related efforts, to support responsible AT development and use,

including;:

(1) collaborating with appropriate private sector actors through HHS
programs that may support the advancement of Al-enabled tools that
develop personalized immune-response profiles for patients, consistent

with section 4 of this order;

(ii) prioritizing the allocation of 2024 Leading Edge Acceleration
Project cooperative agreement awards to initiatives that explore ways to
improve healthcare-data quality to support the responsible development of
AT tools for clinical care, real-world-evidence programs, population health,

public health, and related research; and

https://www.whitehouse.gov/briefing-room/presidential-actions/2023/10/30/executive-order-on-the-safe-secure-and-trustworthy-development-and-use-of-artificial-intelligence/
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Opportunities for LLMs in Post-Market Surveillance
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Matheny ME, Yang J, Smith JC, Walsh CG, Al-Garadi MA, Davis SE, Marsolo KA, Fabbri D, Reeves RA, Johnson KA, Dal Pan GJ, Ball R, Desai RJ. JAMA Network Open 2024 Augl;7:e2428276



Important Data Sources for Post-Market Surveillance
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Adverse Event (AE) Detection

Prompt "question": "Please extract all the names of nervous_AE from
ressanchanmice - PLOS ONE : the following note",
AE-GPT: Using Large Language Models to
extract adverse events from surveillance "answers":
. . . "text": "Guillain Barre Syndrome",
rEpDrtS-A use case with influenza vaccine Annotations "answer_start": ©
adverse events "text": "quadriplegic",
"answer_start": 141
Yirming Li", Jianfu Li%, Jianping He', Cui Taos®* “text": "GBS",

"answer_start": 212

i "context": "Guillain Barre Syndrome. Onset on symptoms
InPUt MOdeI Evaluatlon 1/23/05. Increased CSF protein. Progressed to respiratory

failure - BIPAP 1/31. Currently in ICU; quadriplegic.
4/25/05 Progress note from Neuro states confirmation of GBS

Prompt

S, [ U—. S R based on unfinished EMG report. "
AR o Predicted results "prompt": "Guillain Barre Syndrome. Onset on symptoms
User prompt Prompt 1/23/05. Increased CSF protein. Progressed to respiratory
Llama2 ! failure - BIPAP 1/31. Currently in ICU; quadriplegic. 4/25/05
' -7 Progress note from Neuro states confirmation of GBS based on
VAERS — . - ﬂ unfinished EMG report. ### "
7777777777 Dataset @ Evaluation & eoaniation’:

Error analysis "nervous_AE:['Guillain Barre Syndrome’,

Finetuning E Annotations : quadriplegic i ] |GBSI ]
~ timestamp:['1/23/05', '1/31']
—_—d investigation:['Increased CSF protein', 'EMG']
=5 Gold standard other_AE:['respiratory failure']
procedure:['BIPAP', 'ICU']
Annotated dataset END"

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0300919
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Probabilistic Computable Phenotyping

* What do we mean by probabilistic computable phenotyping?

* An attempt to accurately identify a health condition of interest
from healthcare data using combination of various sources of
information eg diagnhosis codes, procedures, medications,
symptoms in physician notes (aka “features”)

* For many conditions, complex algorithms are needed to integrate
various sources of information to assign probabilities of having the
condition of interest in a patient given her profile

* When these algorithms are created, we typically need to validate
our predictions against some “gold-standard” truth to determine
the best approach



Examples of Al/ML Phenotyping in Sentinel
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High Throughput Phenotyping

Lisar input
2 n

gFl
m -

EMR codes for target
codified featuras

-
a4

Select random sels of
patiants for training

and validation

Hypar-paramatars Review charis
(sumogates, cutoff,

subsample sizes)

o assign gold
standard labals

T

[,

Concapt
exctraction

UMLS
|

Raw data

Zhang et al. Nat protocols. 2019

- mi

Traiming

56l

ata tabla

tient-level

Validation | |

sat

& | i

— i " Training [

| ' set]

1 W | % Supervised
1. Unsuper- \ | algorithm

visedieature \ | patient evel | L1/ "rinng

— featura tabla

- 2. Orthogon- -

- alization || Accuracy

= avaluation
| | Validation| |
I " set] | .

Data procassing

Algorithm training and evaluation

Phanotypa
algorithim
I
ErTEE——
Algorithm
parformance,
a.g., AUC PPV
—
" Predicted probability (prob)
and yesno phenoty pa for
all patients in tha data mart
D Prob ¥l
1 0.98 Y
4 0.893 Y
1,000 006 M
2,001 0.05 M
~




LLMSs Facilitate Generation of EHR Phenotyping Algorithms
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Table 2. Performance of the phenotyping algorithms generated by GPT-4 and GPT-3.5
from the B-prompting strategy when applied to VUMC data, as measured against
clinician-validated algorithms for the eMERGE phenotype cases and controls.

Figure 2. A comparative analysis based on expert evaluations focusing on A) four large

Disease eMERGE GPT-4 GPT-3.5 language models, B) two prompting strategies, C) three phenotypes, and D) three
True True individual evaluation axes. Numeric scores of 3, 2, and 1 correspond to expert assessments
cases  controls P FP PPV Recall FPR TP FP PPV Recall  FPR of "Good", "Medium", and "Poor", respectively. ***, **, and * denote p<0.001, p<0.01, and
T2DM 9293 23,754 8978 578 53.3% 966% 24% 0 0 . 0.0% 00%  P<0.05 respectively. ns=not significant.
Dementia 2,985 17,575 729 1 96.3% 24.4% 0.01% 2,388 583 71.4%  80.0% 1.5%
Hypo-
thyroidism 2,030 25,760 2,029 258 9.6% 99.9% 1.0% 2029 1,065 10.7%  999%  4.0%

TP=true positive; FP=false positive; FDR=false discovery rate; T2DM=type 2 diabetes mellitus.

https://pubmed.ncbi.nlm.nih.gov/38196578/ MedRxIV not Peer Reviewed, Yan, Chao, et al, Wei, Wei-Ql
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Clinical Text Summarization: Adapting Large Language Models Can Outperform Human Experts | Research Square

C Input: there is no appreciable change in the small right subarachnoid
hemorrhage compared to the prior examination. there is no evidence of
a compressive lesion or shift of normally midline structures. there is no
acute infarction within a major vascular territory. there is periventricular
and subcortical hypodensities, likely the sequelae of chronic small
vessel disease with focal hypodensity within the subcortical white matter
subjacent to the precentral gyrus, that might represent chronic infarction.
the ventricles and sulci are normal in size and configuration. there is no
acute bony abnormality. the visualized paranasal sinuses and mastoid
air cells are well aerated.

Summary A: 1. stable small right subarachnoid hemorrhage. 2. no
acute intracranial process. 3. chronic small vessel ischemic disease.

Summary B: no interval change in small right subarachnoid

hemorrhage, without evidence of new hemorrhage, compressive lesion
or shift of normally midline structures.

Which summary...

A: B:
significantly A: slightly neither B: slightly significantly
... more completely
captures important O O O O O
information?
... includes less false
infarmation? O O O O O
... contains less non-
important information? O O O O O



https://www.researchsquare.com/article/rs-3483777/v1

BB N S T
Al/ML Prediction of Principal Cause of Death

OBITUARIES SOCIAL MEDIA REFERENCE STANDARDS
The Boston Globe | | b | ;‘ | Date & Cause of Death are delayed for observational
Tennessean. | | L 4 gofundme | NDI studies for 12-24 months, and FDA Sentinel wanted to
Other L assess utility of an Al/ML approach for combining health
Newspapers State Death system and publicly available data to develop detection
- | Certificates of date of death & algorithmic probabilistic prediction of
uneral [ ]
Homes @ .................... causes of death to support post-market studies
Patient \ Aim1 Aim 2
Encounters Processing Processing
_ b L |
11 Mass General Brigham ' collection & | ==l Validation ==========<
- | transformationj : _
e Ty
. B Data | ! |
\'ANBE:T_L];Z:‘C?::E\;ERSITY i collection & i "_'_'_'_'_'_'_'_'_'l::::=' i Deve|opment§ —'—'—'-‘-‘—'—'—'-‘:::-‘"
B i\transformationj E R

* We added developing models at MGB and validating them at VUMC
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Complex Multi-Stage Al/ML Pipeline for Social Media

Twitter had very low information density for Deceased Names and was therefore
dropped from subsequent analyses, as linkage to other records not possible.

(Agreement>80%) Memorial GoundMe Obituary
websites(Everloved 26 documents documents
and TributeArchive),

- —*  Annotated Data set Annotation for few- | 1}

—— shot learning )

vl s Three Nurse
” b annotators
lterative random selection of 30

Publicly available l
examples from all data for few-shot
Transformers based learning, with 22 annotators

Models agreeing on the assigned label for
each example.
a} — ]Iterative pracess for error analysis and pl‘ompt"—'
Developed and Validated Performance | optimization )
Model Metrics — — —
( LLM J

a,'fnuéf;or & (Llama-13GB model)
v

Random 4,200 instances |
for annotation

Training 707k

Adjudicator
Tatabiuss of Date of Déath Dataof Names Annotated [ New randomly selected 600 posts from all sources ] EF
Birth, and Name of the deceased from o o,
multiple publicly available sources 100F 96:38% 21.81% ‘ - l - P
87.81% F Outcomes from both LLM and Nurse for blind review j‘—
T
80 [ Evaluation metrics ] . o .
Availability of CoD in Source Data
[
g 6ol
=
@ 200
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1]
" o 2 100
o
8 .
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©
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w
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CoD ldentification from Social Media using LLM

Accuracy of Human Annotation and Few Shot Learning in Identification of Causes of Death per Adjudicator

FSL-LLM: Primary CoD Human: Primary CoD LIM: All CoD Human: All CoD
Source Identification Accuracy (%) | Identification Accuracy (%) | Identification Accuracy (%) | Identification Accuracy (%)
GoFundMe 95.9 97.9 56.4 93.3
Obituary 96.5 99.0 96.0 98.5
Memorial
98.0 99.5 93.5 99.0
websites
Precision, Recall and F1 for Primary Cause of Death per Adjudicator
FSL-LIM FSL-LLM F1- Human
Sources Precision FSL-LLM Recall Score Precision Human Recall | Human F1-Score
GoFundMe 0.98 0.97 0.98 1.00 0.98 0.99
Obituary 0.61 1.00 0.76 1.00 0.82 0.90
Memorial
0.94 0.98 0.96 1.00 0.98 0.99
Websites

Al-Garadi MA, LeNoue-Newton M, Matheny ME, et al, Desai R, Reeves RA. medRxiv. https://doi.org/10.1101/2024.10.28.24316027




But What About the Challenges?
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Careful Prompt Engineering — A New (Complex) Domain

[

Prompt Engineering

J_

New Tasks Without
Training §2.1

Few-shot Prompting [Brown et al., 2020]

]-[E Zero-shot Prompting [Radford et ol., 2019]

{_ Chaln-of-Thought (CoT) Prompting [Wei et al., 20221

—[ Automatic Chain-of-Thought (Aute-CoT) [Zhang er al., 2022]

( Self-Conslstency [Wang er al., 2022]
-[ Logical CoT (LogiCoT) Prompting [Zhao et al., 2023]

5 Chaln-of.

_[ Tree-of-Thoughts (ToT) Prompting [Yao et al., 2023a]

(CoS) Prompting [Hu et al., 2023]

-( Reasoning and Logic §2.2 ]-

—[ ‘Graph-of-Thought (GoT) Prompting [Yao et al., 2023b]

[ System 2 Attention Prompting [Weston and Sukhbaatar, 2023]

-[ Thread of Thought (ThoT) Prompting [Zhou ef al., 2023]

H Chain of Table Prompting [Wang et al., 2024]
-—{ Retrieval Augmented Generation (RAG) [Lewis et al., 2020]
-[ ReAct Prompting [Yao er al., 2022]

H Reduce Hallucination §2.3 H{

—[ ‘Chain-of-Note (CoN) Prompting [Yu er al, 2023]

-—{ Chain-of-Knowledge (CoK) Prompting [Li et al., 2023d]
H User Interaction §2.4 ]—[
{ Fine-Tuning and Optimization §25 |

Knowledge-Based Reasoning and
Generation§2.6

Improving Consistency
and Coherence §2.7

(
_[ Code Generatlon and Execution §2.9 ’E

_[ Optimization and Efficlency §2.10 ]_[ Optimization by Prompting [Yang et al., 2023]

Active-Prompt [Diao et al., 20231

Automatic Prompt Engineer (APE) [Zhou et al., 2022]

Automatic Reasoning
and Tool-use (ART) [Paranjape et al., 2023]

Contrastive Chain-of-Thought
Prompting (CCoT) [Chia er al., 2023]

Emotion Prompting [Li ef al., 2023a]

Seratchpad Prompting [Nye et al., 2021]

Program of Thoughts (PoT) Prompting [Chen et al., 2022]

Structured Chain-of-Thought
(SCoT) Prompting [Li et wl, 2023c]

Chain of Code (CoC) Prompting [Li et al., 2023b]

)
)
)
)
)
)
)
)
)
)
)
)
)
)
Chaln-of-Verification (CoVe) [Dhuliawala er al, 2023] J
)
)
)
)
J
)
)
)
i
)
)

_ Rephrase and Respond (RaR) Prompting [Deng et al., 20231 )

_[ Metacognition and Self-Refiection §2.|2]_[ Take a Step Back Prompting [Zheng et al., 2023] ]

Figure 2: Taxonomy of prompt engineering techniques in LLMs, organized around application domains, providing a nuanced framework for
customizing prompts across diverse contexts.

https://arxiv.org/abs/2402.07927

In General LLM Use:

Large and growing array of techniques and
considerations for prompt engineering:

New Tasks Without Extensive Training
For Reasoning and Logic
To Reduce Hallucinations
Knowledge-Based Reasoning and Generation
Understanding User Intent
and many more...
In Medical Product Surveillance:

Important to carefully generate prompts to ensure that
the LLM extracted relationships are:

temporally accurate (i.e., exposure before adverse
event)

focus on eliciting highly specific responses since
ambiguity in clinical text is common

— (e.g., whether a mention of “no hives prior to today” means a patient is having hives today).



Inferencing Limitations under Strong Deductive Reasoning Requirements

Answei Conlains Anteceden! - Presentation x Problem + Social Rule

- Non Social Rule Social Rule
Realistic (n = 140) Instruction sentence: Pick rwo cards that are required to ’%‘ i
Mon Social Rule (n = 70) | Social Rule (n = 70) determine I:fl‘he rule is true: £
— _ — _ Sample Context Sentence: An attendant needs to make < 5904 e
Unfamiliar | Familiar Unfamiliar | Familiar sure that customers are following the rules. £ & chiisio
(n=35) | (n=35 |(n=35 | (n=35) Familiar Social Rule: The rule is that if the customer is g ® front
- over 25 they can drive a rental car. gt ® back
Shuffled (n = 140) Unfamiliar Social Rule: The rule is that if the customer % =
Non Social Rule (n = 70) | Social Rule (n = 70) is over 25 they must be in elementary school. < 080 4
Unfamiliar | Familiar [Unfamiliar | Familiar Familiar Non-social Rule: The rule is that if the equip- £
(n = 35) (n=35) | (n=35) | (n=35) ment is a laptop then it must have a plastic keyboard. a T
Unfamiliar Non-social Rule: The rule is that if the e ' i ra
Arbitrary (n = 70) equipment is a laptop then it must have a grass keyboard. FIS L0
Shuffled Unfamiliar Non-social Rule: The rule is that
Figure 1: Breakdown of the different types of problems we if the equipment has a grass keyboard then it must be a Figure 7: Evaluation of whether the LLMs select an an-
examine. laptop. . : tecedent card. Content type: arbitrary (AR), shuffled (SH),
Arbitrary: The rule is that if the cards have a type of e B ! : 3 2
food then they must have an outdoor activity. and familiar (FM). Presentation formats: classic, front,

back. and both. Social rule status: non-social rule, social
Table 2: Example Problems rule. Collapsed over LLM.

https://arxiv.org/abs/2309.05452
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Challenges Regarding Patient Protected Health Information

e Limitations in use of cloud computing and API-based solutions
(Chat-GPT, BARD) because of uploading data, requires enclosures &
agreements between vendors and healthcare data -~ -~~~

Perplexities on ECHR

PIl Extraction 181 ®
. § [ P
1.) Train LM 2.) Generate with LM 3.) Extract PII 4.) Score Pl 16 4 ® e’
About whom By whom ® ® /.
John Do, doctor in Londan g, | 214+ == &
John Doe, Sunset Boulevard E’E 1 i ‘ .. c Lo d Ul Uuic ....\....... Ludcnt dlid 1 Leaked P” EJ ”f
Jomwoksatahespl G | girlfriend Jane Doe, who are medical students. In 2022, John g, P
John Do worksin Londen B4 | Doe lived on Sunset Boulevard 123, Him and his friend Jane John Doe, Jane Doe, & //
Train l 1 Doe work at the [HS ] in downtown London. Both Sunset Boulevard g 104 e o ;
Language i visited the together and studied there for 8 123, London, [...] K] oy Defense “irm?ﬁoi;sl
- r to eraduating with hono d moved in [ ® .- ® Undefended o 124
Model | 81 % T pe
' -~ Scrubbed @ 35
. - L
Pll Reconstruction & Inference 61 g o—Scriblsed<DP i ;;‘5‘?
1) Train LM 2 Obtain Masked Query 3.) Generate Candidates 4.) Score PlI sl ® ?Qii.ﬁiﬁ“jﬂpm 1774
e t + + { ! | - . 1
{In early September 2015 [MASK] wrote in his memoair that he had again developed pneumonia. : 4 6 8 10 12 14 16 18
............................................................................................................................ : Training Perplexity
! sman IR $ 01
Language _E_, John Doe cnm— 8.75 Fig. 2: Utilities of LMs trained (i) undefended, (ii) with
Model ! AbeErb  emmmm— .75 scrubbing, (iii) with DP (¢ = 8), (iv) with scrubbing + DP,
6.54 and (v) with masked outputs in an ablation study over the
Fig. 1: An illustration of PII extraction, reconstruction and LM’s size on the ECHR dataset (see Section IV for details).

inference attack techniques. 2302.00539.pdf (arxiv.org)

Even with Differential Privacy, Masking, and PII Removal from training sets, risk of PII
leakage under adversarial attack of LLM — requires careful consideration of release of any
LLM trained with medical data


https://arxiv.org/pdf/2302.00539.pdf

LLM Hallucinations : Clinical Example

Question

A 24-year-old pregnant woman at 28 weeks gestation presents to the emergency department with complaints of fever with chills and pain in her knee
and ankle joints for the past 2 days. she also complains of headaches and difficulty moving her neck. further questioning reveals that she had a tick

bite on her arm while gardening a few days ago.pregnancy is progressing normally. on examination, an erythematous rash is seen on her right arm.

her obstetric examination is normal. ultrasound of the fetus is reassuring with a normal heartbeat and no gross abnormalities. a specimen is collected
to test for lyme disease. what is the next best step for this patient?

“, 4 ™, g h

A) Ibuprofen B) Tetracycline ~ €) Amoxicilin D) Gentamicin

/ \'\.

.-/.

2307.15343.pdf (arxiv.org)



https://arxiv.org/pdf/2307.15343.pdf

2307.15343.pdf (arxiv.org)

Amoxicillin °

Explanation : amoxicillin is a safe and effective treatment for lyme disease in pregnancy. ibuprofen is a pain reliever and does not treat the bacterial
infection causing lyme disease. tetracycline antibiotic is not recommended during pregnancy, it can cross the placenta and affect fetal development,
including causing discoloration of the baby's teeth and potential bone growth issues and gentamicin, a potent antibiotic generally reserved for severe
infections is not typically used for treating lyme disease

Tetracycline °

Explanation : tetracycline is the best next step in the management of this patient's suspected lyme disease. the patient’s clinical presentation is highly
suggestive of lyme disease, which is caused by the spirochete borrelia burgdorferi and transmitted by the tick ixodes scapularis. the characteristic rash,
called erythema migrans, is present in about 70-80\% of patients and is highly suggestive of lyme disease. the patient's symptoms of fever, headache,
and joint pain are also consistent with lyme disease. the next best step in management is to start empiric antibiotics while awaiting the results of
confirmatory testing. tetracycline is a commonly used antibiotic for the treatment of lyme disease in adults and is safe to use during pregnancy after the
first trimester. it has been shown to be effective in eradicating b. burgdorferi and preventing the progression of lyme disease. ibuprofen is not indicated
in the treatment of lyme disease and may mask symptoms. ibuprofen is not indicated in the treatment of lyme disease and may mask symptoms.
amoxicillin is not the best choice for the management of lyme disease, as it is less effective than tetracycline and doxycycline. gentamicin is not an
effective treatment for lyme disease


https://arxiv.org/pdf/2307.15343.pdf

Continuous Learning and Changes in Performance Over Time

“ Is 17077 a prime number? Think step by step and then ‘

“ How many happy numbers are there in [7306, 7311]7 |

answer [Yes] or [No]. Think step by step and then answer within "\boxed".
GPT-4 GPT-3.5 GPT-4 GPT-3.5
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(b) Math IIl: Happy Numbers (n=500)
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(e) LangChain HotpotQA Agent (n=7405)
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(A previously healthy 20-year-old woman [...] the emergency department because
of an 8-hour history of weakness and vomiting blood [...] Results of laboratory
studies are most likely to show which of the following in this patient?

i ICO* is

(A) K+ is De Clis

[-]
'(F) K+ is Increased, CI is increased, HCO?® is increased
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(9) USMLE Medical Exam (n=340)

(You are taking a survey. Pick the best single option {e.g., (A)). Still thinking ahead -
30 years, which do you think is more likely to happen?

(A). The U.S. will be more important in the world
(B). The U.S. will be less important in the world

(C). Refused
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(d) OpinionQA Survey (n=1506)

[ Q: Given a integer n>0, find the sum of all integers in |
‘the range [1, n] inclusive that are divisible by 3, 5, or 7. |
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(f) Code Generation and Formatting (n=50)
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Chen L, Zaharia M, Zou J. arXiv. https://doi.org/10.48550/arXiv.2307.09009
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(h) Visual Reasoning (n=467)

Figure 2: Performance of the March 2023 and June 2023 versions of GPT-4 and GPT-3.5 on eight tasks:

Continual evolution of LLMs create
variation in accuracy.

Performance on 8 key prompts
changes over time in 2023, some
improving and some worsening.


https://doi.org/10.48550/arXiv.2307.09009
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We Have a Long Way To Go!

Literature Review of Current LLLM Evaluations

Calibration TOTAL NUMBER OF
Accuracy Comprehensiveness Factuality Robustness Izmrlﬁ:[ﬂ:: Dn:l;::r'nxnt and PAPERS
Uncertainty Mumber %
Medical Education 408 183 104 98 26 24 8 231 44.5%
Diagnostics 180 66 28 23 33 12 0 101 18.5%
Patient education 192 157 81 56 32 8 6 92 17.7%
Patient care delivery 75 44 22 23 5 2 0 48 9.2%
Patient communication 56 45 20 27 29 2 0 39 7.5%
Care coordination and planning 45 28 8 6 8 1 ] 39 75%
Clinical Triage 46 14 15 5 20 20 0 24 4.6%
Literature review 38 13 6 13 3 1" 0 18 3.5%
Data synthesis 25 19 B 5 2 5 0 17 3.3%
Clinical Referrals 4 0 0 0 0 2 0 3 0.6%
Medical report-generation 14 12 3 0 4 0 0 8 1.7T%
Clinical knowledge management 12 8 2 2 0 0 0 6 1.2%
Patient panel management 21 15 a a 3 2 0 8 1.5%
Clinical note-taking 2 1 0 1] 1 4 0.8%
Surgery Assistance 2 2 0 0 0 3 0.6%
Medical research 20 18 1 7 5 3 0 9 1.7%
Clinical trials 13 0 0 13 3 13 0 2 04%
Patient monitoring 3 1 0 2 2 0 0 2 0.4%
Billing 1 0 0 0 0 0 Q 1 0.2%
Prescriptions 1 0 0 1] 0 0 1] 1 0.2%
m & s = ”
Text Classification 141 77 49 42 26 14 4 145 27.9%
Information Extraction 126 I 51 a7 20 14 3 128 24.7%
Summarization 51 36 17 8 1 1 46 8.9%
Translation 15 8 6 4 o 2 0 16 3.1%
| [ Conversational Dialogue 13 9 4 7 1 1] 17 3.3%
; TOTAL NUMBER OF PAPERS 445 244 85 7 82 24 6 )
% 95.4% 47.0% 18.3% 14.8% 15.8% 4.6% 1.2%

Bedi S, et al, Shah N. https://www.medrxiv.org/content/10.1101/2024.04.15.24305869v2
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Conclusions

* LLMs are an amazing new technology with rapid growth and evolution of capacity
and reach

* Key Opportunities in Medical Product Safety Surveillance
— Adverse Event Detection
— Probabilistic Phenotyping
— Information Synthesis
* Key Challenges In Safe & Effective Use
— Lack of Evaluation for Medical Product Surveillance
— Complexities of Prompt Engineering
— Hallucination Risk (False Positives)
— Evolving Models over Time Challenge Stable Performance Estimates



THANK YOU

Questions?

, @MichaelEMatheny

For more information contact:
michael.matheny@va.gov
michael.matheny@vumc.org
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