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Medical Generative Al - Key Use Cases

Image — Text
Medical Report Generation

Text — Text
Clinical Note Summarization

Audio — Text :
Doctor-Patient Dialog Summary Explain the object
appearingon the left __. g
Image — Image on the screen.
Medical Image Enhancement The object resembles an
artery wall, situated close

Text — Audio-visual proximity to the duodenum.

. . . . ® --  Given size and location, it's
Visualization Generation most likely the aorta

; (aortoduodenal fistula). ((( ’
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Moor, M., Banerjee, O., Abad, Z. S. H., Krumholz, H. M., Leskovec, J., Topol, E. J., & Rajpurkar, P. (2023). Foundation models for generalist
medical artificial intelligence. Nature, 616(7956), 259-265.
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Multimodal self-supervised training

EHRs !

b
Applications

Chatbots for Interactive
patients note-taking

Augmented
procedures

Advances in Generalist Al

Medical domain knowledge

% % o--
Literature Publications £
—> ' -« —

7>

Clinical Knowledge

notes graphs

Reasoning with multiple
knowledge sources

Flexible interactions

Q&A exchanges

o)
Multimodal inputs
and outputs

Dynamic task specification

Grounded
radiology reports

Text-to-protein
generation

Regulations: Application approval; validation; audits; community-based challenges; analyses of biases, fairness and diversity

Bedside decision
support

Moor, M., Banerjee, O., Abad, Z. S. H., Krumholz, H. M., Leskovec, J., Topol, E. J., & Rajpurkar, P. (2023). Foundation models for generalist
medical artificial intelligence. Nature, 616(7956), 259-265.



How do we evaluate a system that is not limited to
a narrow use case?

Automatic Metrics
Successes and Failures

Generalist Al System
Can generate text outputs for a
variety of inputs

~ Human-Centered Evaluation
Formulations and Pitfalls
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I IL Rao et al. Multimodal Generative Al: The Future of Automated Medical Report Generation From Medical Images. To Appear 2025



What metrics allow us to determine whether an
Al-written report match a expert-written report

Left lower lobe consolidation without
-5~ | pleural effusion. Air bronchograms
g are present.

Dense opacity in left base with small
pleural fluid collection.
Air bronchograms noted.

a

m
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I ‘ Yu, F., Endo, M., Krishnan, R., Pan, I., Tsai, A., Reis, E. P,, ... & Rajpurkar, P. (2023). Evaluating progress in automatic chest x-ray radiology
I— report generation. Patterns, 4(9).



1. Traditional natural language generation metrics
can measure similarity of vocabulary and phrases

Left lower lobe consolidation without

-5/ | pleural effusion. Air bronchograms

s are present.

Dense opacity in left base with small
pleural fluid collection.
Air bronchograms noted.

m
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a

BLEU-2 Score

v Catches exact matches:

- Perfect match on "air
bronchograms”

- Reliable when identical terms used

X But fails on synonymes:

- "left lower" # "left base"

- "consolidation" # "opacity"

- "effusion" # "fluid collection"

I I ‘ Yu, F., Endo, M., Krishnan, R., Pan, I., Tsai, A., Reis, E. P,, ... & Rajpurkar, P. (2023). Evaluating progress in automatic chest x-ray radiology

report generation. Patterns, 4(9).




2. Embedding-based metrics match words with
similar meanings using language models

Left lower lobe consolidation without
-5~ | pleural effusion. Air bronchograms

Dense opacity in left base with small
pleural fluid collection.
Air bronchograms noted.

s are present.
* !l.)

m

BERTScore

v Strong at semantic similarity:
- "consolidation" = "opacity”

- "effusion” = "fluid collection”

- "lower lobe" = "base"

Y Cannot distinguish negations:
- Treats "without" and "with" as
similar

- May miss opposite meanings

’i‘ JJ I ””” i **Yu, F., Endo, M., Krishnan, R., Pan, |, Tsai, A., Reis, E. P, ... & Rajpurkar, P. (2023). Evaluating progress in automatic chest x-ray radiology

report generation. Patterns, 4(9).




3. Clinical accuracy metrics like CheXbert
evaluate medical content rather than just text

Left lower lobe consolidation without
-5~ | pleural effusion. Air bronchograms
g are present.

Dense opacity in left base with small
pleural fluid collection.
Air bronchograms noted.

2

m
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CheXbert

v Excellent at finding extraction:

- Correctly identifies
presence/absence

- Maps synonyms to standard terms
- Preserves negation correctly

X Limited scope:

- Predefined set of 14 findings

- Cannot link location to finding

- No anatomical context mapping

Smit, A., Jain, S., Rajpurkar, P., Pareek, A., Ng, A. Y., & Lungren, M. P. (2020). CheXbert: combining automatic labelers and expert annotations

I IL for accurate radiology report labeling using BERT. arXiv preprint arXiv:2004.09167.




4. RadGraph-F1 extends the medical terms and
capture relationships between medical findings

Left lower lobe consolidation without Dense opacity in left base with small
-5~ | pleural effusion. Air bronchograms pleural fluid collection.
g are present. Air bronchograms noted. :
Left lower lobe Left base small
located_in locatled_in mod}ﬁes
Consolidation Pleural effusion Air bronchograms Dense opacity Pleural fluid collection Air bronchograms
present absent present ‘
present present present

Jain, S., Agrawal, A., Saporta, A., Truong, S. Q., Duong, D. N., Bui, T,, ... & Rajpurkar, P. (2021). Radgraph: Extracting clinical entities and
I ] , relations from radiology reports. arXiv preprint arXiv:2106.14463.

I ‘ Yu, F., Endo, M., Krishnan, R., Pan, I., Tsai, A., Reis, E. P,, ... & Rajpurkar, P. (2023). Evaluating progress in automatic chest x-ray radiology
I— report generation. Patterns, 4(9).



4. RadGraph-F1 extends the medical terms and
capture relationships between medical findings

RadGraph

Left lower lobe consolidation without '/Ectoml?l‘el']lc.ends.lve scope:
-~ | pleural effusion. Air bronchograms - EXtensive 1inding scope

'+ | are present. - Preserves anatomical context

- Handles negation properly
! - Links findings to locations

Dense opacity in left base with small
pleural fluid collection.
Air bronchograms noted.

Y Higher complexity:
- Harder to extend to modalities
- No normalization over entities

Jain, S., Agrawal, A., Saporta, A., Truong, S. Q., Duong, D. N., Bui, T,, ... & Rajpurkar, P. (2021). Radgraph: Extracting clinical entities and
I ] ’ relations from radiology reports. arXiv preprint arXiv:2106.14463.

I ‘ Yu, F., Endo, M., Krishnan, R., Pan, I., Tsai, A., Reis, E. P,, ... & Rajpurkar, P. (2023). Evaluating progress in automatic chest x-ray radiology
I— report generation. Patterns, 4(9).



Emerging methodologies like HeadCT-One
compare using knowledge ontologies

b. HeadCT-ONE: Clear distinction of anatomy, observations and descriptors

Original Report Extracted Entities Ontology
': Brain —> Brain
Brain [ANATOMY] : There are atrophic changes ,TTCoCTIoCTITICTIIZCZCCC
‘ \ Atrophic changes —> Atrophy
[OBSERVATION_PRESENT] and chronic [DESCRIPTOR] -~ --=--------=----~-
Chronic —> Chronic
small vessel disease changes [OBSERVATION_PRESENT] . g ———————
| i §nla_ll_vc_es§e_l gifefs_e_cba_nge_s_ — Small vessel disease
Modified Report 4/4
': o E;réb_ra—l _______ ,;» Brain
Cerebral [ANATOMY] atrophy [OBSERVATION_PRESENT] o it
g Atrophy _ Atrophy
and chronic [DESCRIPTOR] microvascular ischemic @ =~~~ "~~~ C_h;o_n':: """ G
i —> i

changes [OBSERVATION_PRESENT]. e e o

|
pgw "~ Acosta, J. N., Zhang, X., Dogra, S., Zhou, H. Y., Payabvash, S., Falcone, G. J., ... & Rajpurkar, P. (2024). HeadCT-ONE: Enabling Granular and
Controllable Automated Evaluation of Head CT Radiology Report Generation. arXiv preprint arXiv:2409.13038.



How well does expert scoring will aligh with these
metrics?

~
{1 significant error
Left lower lobe consolidation without 1insignificant error
-5/ | pleural effusion. Air bronchograms - /
g are present.

Dense opacity in left base with small BLEU 2

pleural fluid collection. BERTScore

Air bronchograms noted. v CheXbert
RadGraph

m
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I ‘ Yu, F., Endo, M., Krishnan, R., Pan, I., Tsai, A., Reis, E. P,, ... & Rajpurkar, P. (2023). Evaluating progress in automatic chest x-ray radiology
I— report generation. Patterns, 4(9).



How well does expert scoring will aligh with these
metrics?

~
1 significant error
o' 1 insignificant error
o O'/'o /
g8l o © 9%
O o ., O
2 o O« BLEU?2
s ,.° 0 BERTScore
= CheXbert
RadGraph
Radiologist score

m
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I ‘ Yu, F., Endo, M., Krishnan, R., Pan, I., Tsai, A., Reis, E. P,, ... & Rajpurkar, P. (2023). Evaluating progress in automatic chest x-ray radiology
I— report generation. Patterns, 4(9).



Expert scoring reveals highest alignment with
RadGraph-F1 of these 4 metrics

RadGraph (T = 0.531) BERTScore (T=0.518) CheXbert (T = 0.457) BLEU (T =0.441)
®
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|
gxs " Yu, F,Endo, M., Krishnan, R., Pan, I, Tsai, A., Reis, E. P, ... & Rajpurkar, P. (2023). Evaluating progress in automatic chest x-ray radiology
report generation. Patterns, 4(9).



Novel metric RadCliQ, a weighted combination of
these metrics, had highest alighment with experts

Kendall tau b Correlation for Different Metrics

BLEU
BERTScore [
CheXbert vector similarity

RadGraph F1|

Composite metric (RadCliQ)

0.0 0.1 0.2 0.3 0.4 0.5 0.6
Kendall tau b correlation

I ] ’ Yu, F., Endo, M., Krishnan, R., Pan, I., Tsai, A., Reis, E. P,, ... & Rajpurkar, P. (2023). Evaluating progress in automatic chest x-ray radiology

11\ report generation. Patterns, 4(9).
I— Code: https://qgithub.com/rajpurkarlab/CXR-Report-Metric



https://github.com/rajpurkarlab/CXR-Report-Metric

A strong need to understand source and type of
errors in generations

Which parts of the generation o i b s
have errors

FineRadScore: A Radiology Report Line-by-Line Evaluation
Technique Generating Corrections with Severity Scores

W h at | st h e cl i n ic a | S i gn ific ance Of Alyssa g AT SO E LR, SATYARE, 5]

Harvard University

Oishi Banerjee OISHI_BANERJEEQG.HARVARD.EDU
each error
Kay Wu KAY.WU@MEDPORTAL.CA

Harvard University

Eduardo Pontes Reis EDUARDO.REIS@EINSTEIN.BR
Stanford University

Hospital Israelita Albert Einstein

Pranav Rajpurkar PRANAV_RAJPURKARQ@HMS.HARVARD.EDU
Harvard University
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I ‘ Huang, A., Banerjee, O., Wu, K., Reis, E. P., & Rajpurkar, P. (2024). FineRadScore: A Radiology Report Line-by-Line Evaluation Technique
I— Generating Corrections with Severity Scores. arXiv preprint arXiv:2405.20613.



ReFiSco: Report Fix and Score Dataset collects
expert annotations to fix errors in generations

a

\?J [1] "Findings suggestive of right !
= lower lobe pneumonia and left Fix Remove: [Line 1]
> lower lobe atelectasis” Edit: "Small bilateral pleural effusions”
[2] "No pleural effusion or Add: "Bilateral pneumoperitoneum”
pneumothorax present”
Actionable nonurgent error (2)
+ Actionable nonurgent error (2)
Score | Emergent error (3)
D)
’i‘”‘i’*i: Tian, K., _Hartung, S.J., Li,A A, Jeong, J., Behzadi, F., Callt_e-Toro, J:, Adithan, S., .Pohlen, M.,.Osa_yande, D., & Rajpurkar, P. (2023). ReFiSco:
Report Fix and Score Dataset for Radiology Report Generation (version 0.0). PhysioNet. https://doi.org/10.13026/cneg-zk64.



For average severity, 68% of Al reports and 69%
of human reports have errors of 2 or less

100
Gen Al Model (X-REM) - Avg Severity
—e— Human Benchmark - Avg Severity

80
60

40t

Cumulative Percentage (%)

201

0 =1 =2 =3
Error Severity Threshold

m
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I ‘ Jeong, J., Tian, K., Li, A., Hartung, S., Adithan, S., Behzadi, F., ... & Rajpurkar, P. (2024, January). Multimodal image-text matching improves
I— retrieval-based chest x-ray report generation. In Medical Imaging with Deep Learning (pp. 978-990). PMLR.



In maximum severity, however, only 48% of Al
reports stay <2, compared to 64% for humans

100
Gen Al Model (X-REM) - Max Severity

—e— Human Benchmark - Max Severity

80
60

40t

Cumulative Percentage (%)

201

0 =1 =2 =3
Error Severity Threshold

m
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I ‘ Jeong, J., Tian, K., Li, A., Hartung, S., Adithan, S., Behzadi, F., ... & Rajpurkar, P. (2024, January). Multimodal image-text matching improves
I— retrieval-based chest x-ray report generation. In Medical Imaging with Deep Learning (pp. 978-990). PMLR.



Can we automate the process of fixing a Al
generated report given access to expert report?

a

\?J [1] "Findings suggestive of right !
= lower lobe pneumonia and left Fix Remove: [Line 1]
> lower lobe atelectasis” Edit: "Small bilateral pleural effusions”
[2] "No pleural effusion or Add: "Bilateral pneumoperitoneum”
pneumothorax present”
Actionable nonurgent error (2)
+ Actionable nonurgent error (2)
Score | Emergent error (3)
D)
’i‘”‘i’*i: Tian, K., _Hartung, S.J., Li,A A, Jeong, J., Behzadi, F., Callt_e-Toro, J:, Adithan, S., .Pohlen, M.,.Osa_yande, D., & Rajpurkar, P. (2023). ReFiSco:
Report Fix and Score Dataset for Radiology Report Generation (version 0.0). PhysioNet. https://doi.org/10.13026/cneg-zk64.



MedVersa - A Generalist Medical Al For Imaging

A Generalist Learner for Multifaceted Medical Image Interpretation

Authors: Hong-Yu Zhou PhD!, Subathra Adithan MD?, Julian Nicolas Acosta MD!, Eric J. Topol MD?,
Pranav Rajpurkar PhD!

Department of Biomedical Informatics, Harvard Medical School, Boston, USA.
2. Jawaharlal Institute of Medical Educati d Research, IN.
3. Scripps Research Translational Institute, Scripps Research, La Jolla, CA, USA.

Corresponding author:
Pranav Rajpurkar, PhD
pranav_rajpurkar@hms harvard.edu

Abstract

Current medical artificial intelligence systems are often limited to narrow applications, hindering their
widespread adoption in clinical practice. To address this limitation, we propose MedVersa, a
generalist learner that enables flexible learning and tasking for medical image interpretation. By
leveraging a large language model as a learnable orchestrator, MedVersa can learn from both visual
and inguisticsupervsion, support multimodal nputs,and perform eal-time task specifcation. Tris
versatility allows MedVersa to adapt to i perform medical
image analysis. We introduce Medinterp, the largest multimodal dataset to date for medical image
interpretation, consisting of over 13 million annotated instances spanning 11 tasks across 3
modalities, to support the development of MedVersa. Our experiments demonstrate that MedVersa
achieves state-of-the-art performance in 9 tasks, sometimes outperforming specialist counterparts
by over 10%. MedVersais the first to showcase the viabilty of muitimodal generative medical Alin

Implamenting multimodal outputs, Iputs, ond o task it
a for ive medical i Th list approach to
medical image paves the way for efficient Al

decision-making.

”I“”’ “w° Zhou, H. Y., Adithan, S., Acosta, J. N., Topol, E. J., & Rajpurkar, P. (2024). A Generalist Learner for Multifaceted Medical Image Interpretation.
I— arXiv preprint arXiv:2405.07988.



A single model capable of doing a variety of tasks
on different modalities

m

’i‘ JJJJJ i ** Zhou, H. Y., Adithan, S., Acosta, J. N., Topol, E. J., & Rajpurkar, P. (2024). A Generalist Learner for Multifaceted Medical Image Interpretation.
I— arXiv preprint arXiv:2405.07988.



Top performing Al
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arXiv preprint arXiv:2405.07988.

SOTA  MedVersa

model across many tasks
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Hypothesis: one
generalist model will
beat lots of individual
specialist models
Key capabilities

““““““““““““ arXiv preprint arXiv:2405.07988. 25
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Demo on various tasks

Seament Dr It

The seamentation maek of | et x « 30500

N

|
pg s Zhou, H.Y, Adithan, S., Acosta, J. N., Topol, E. J., & Rajpurkar, P. (2024). A Generalist Learner for Multifaceted Medical Image Interpretation.

arXiv preprint arXiv:2405.07988.
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http://www.youtube.com/watch?v=eK6-abUIPDM

In 2024, MedVersa
is the best
benchmarked
model on
generating reports
from chest
radiographes.

ReXrank

ReXrank

Open-Source Radiology Report Generation Leaderboard

Leaderboard Overview

Include top models for different datasets. * denotes model trained on this dataset.

Rank MIMIC-CXR IU-Xray CheXpert Plus
1 MedVersa* MedVersa MedVersa
Harvard Harvard Harvard
2 RabDialog* RGRG RabDialog
TUM TUM TUM
3 RGRG* RadFM CheXpertPlus-mimic
TUM SJTU Stanford
4 CheXpertPlus-mimic* Cvt2distilgpt2 RGRG
Stanford CSIRO TUM
5 CheXagent* RaDialog Cvt2distilgpt2
Stanford TUM CSIRO
6 Cvt2distilgpt2* CheXpertPlus-mimic CheXagent
CSIRO Stanford Stanford

27


https://rajpurkarlab.github.io/ReXrank/

We asked radiologists to determine whether they
preferred a human-generated report or an Al
generated one (blinded).

Multiview images

Clinical context

(] | Demographics |
w & | Comparison || Indication |

Paired I Random shuffle

| Ground truth report

Outcomes

—»[ Report A is better J

‘ MedVersa —»l Al-generated report

Report A |—> A@
@,
Report B |—> m H

m

L—

Report B is better ]

|\

Radiologist blinded
to the report origin

Both reports are clinically equivalent ]

’i‘ JJ I ””” i ** Zhou, H. Y., Adithan, S., Acosta, J. N., Topol, E. J., & Rajpurkar, P. (2024). A Generalist Learner for Multifaceted Medical Image Interpretation.

arXiv preprint arXiv:2405.07988.



Expert-written reports are preferred, driven by
cases with abnormalities

Overall Abnormal Normal
AI:7%|

Human:29% I

Equivalent:64% |

m

'i JJJJJ i #¢ Zhou, H. Y., Adithan, S., Acosta, J. N., Topol, E. J., & Rajpurkar, P. (2024). A Generalist Learner for Multifaceted Medical Image Interpretation.
I— arXiv preprint arXiv:2405.07988.



Do experts like to modify draft reports written

Al?

Start Pause = 00:01:06

en Health Imaging Foundation

No Study Date
Primary

No Study Date

RAJPURKAR LAB

Unreleased work

atient 51 Agy
Indication for study: 55 years of age,
Female, Pre-op evaluation for
consideration for possible bariatric surgery.

EXAM:
CHEST X-RAY

TECHNIQUE:
4]

INDICATION:

55 years of age, Female, Pre-op evaluation for
consideration for possible bariatric surgery.

COMPARISON:
None.

FINDINGS:

The heart is mildly enlarged.

The mediastinal and hilar contours are normal.
There is no pleural effusion or pneumothorax.
The lungs are well-expanded and clear without
focal consolidation concerning for pneumonia.
Pulmonary vasculature is within normal limits.
The upper abdomen is unremarkable.|

Preview Save

Template: CXR Normal Unstruc v




We studied the effect of Al generated draft
reports on time, effort and confidence

| Al- generated report | Recorded

Multiview images Clinical context 1. Time spent on each study |

® Demographics A@ Self-assessment
w Indlcatlon L‘J —>| Final report 2. Mental effort spent on each study |

Compar ison

3. Confidence in each report |

| Normal (negatlve template |

RRRRRRRRRRRR

I IL Unreleased work



Our small-scale results show reduction in time and

mental effort and increase in confidence.

450

400

Average time ( )
N N w w
o (5} o (53
o o o o

@
S

Time (seconds) spent on each study

Templated-based
Al-generated

-

100

-

RRRRRRRRRRRR

R1 R2
Radiologists

I IL Unreleased work

3.50

Mental effort on each study

3.251

3.001

2.751

Average cost ( | )
N N N
o N
© o o

N
[

—
(¢
o

Templated-based
Al-generated

R1 R2
Radiologists

4.50

4.25

Average score ( 1)
w W o e a
o N [, N o
8 & 3 & 8

L
N
o

Confidence in each study

N
%
o

Templated-based
Al-generated

R1 R2
Radiologists



Again, we see not everyone experiences an
improvement with the same technology

Log Reporting Time by Reader (Grouped by Report Type)

Report Type
I Normal template
1 = Al-draft

?T

I l ’ Reader 1 Reader 2 Reader 3
RRRRRRRRRRRR Reader

I IL Unreleased work

o
U

Log Reporting Time
o o o
o (6] o

»
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LLM Evaluation Based on Medical Exam Questions

is Limited

Case Vignette:

A 20-year-old woman presents to the clinic with a circular
hypopigmented lesion on her right cheek. The patient
stated that she used to have a mole in the same location.
Over time she noticed a white area around the mole that
enlarged to the current size of the lesion. After a few
months she noticed the mole in the center of the lesion
had disappeared. On further questioning, she denies any
personal or family history of skin cancer.

Choices:

A. Halo nevus

B. Melanoma

C. Vitiligo

D. Dysplastic nevus

Concise summary of symptoms:

No evaluation of history-gathering capabilities

No evaluation of ability to diagnose effectively during
conversations

Medical Terminology:
No evaluation of diagnosis from layman language

Answer choices:
No evaluation of open-ended diagnosis

RAJPURKAR LAB
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Multi-Agent Conversational Frameworks Enable
Realistic Evaluation of Clinical LLMs

Prompt

Ask questions about the following
until confident of the diagnosis.

- Current medical symptoms

- Medical history

- Medications

H - Family history

Doctor-Patient Conversation

‘ Prompt

language based on the following
case vignette.

{Case Vignette}

Answer questions in layman
Patient-Al
agent

[ ] caseinformation [ | Clinical LLM responses

\/ | Prompts

Patient-Al agent responses

@ Patient-Al agent
I've been experiencing hair loss for
the past 2 months, with clumps of
hair coming out when | shower and
on my pillow.

Clinical LLM (@)

How old are you and what is your
sex?

@Patient—Al agent
| am a 20-year-old man.

Clinical LLM (@)
Have you had any recent illnesses
or high stress levels?

@Patient—AI agent
About 8 months ago, | was involved
in a motor vehicle accident that
resulted in several fractures and a
difficult recovery.

Clinical LLM

[Final Diagnosis: Telogen effluvium. |

Prompt

Are the two disease names
equivalent (respond with a yes/no):
Clinical LLM's diagnosis,

Grader-Al
agent | Correct Answer
Expert Evaluation
1. Did the Clinical LLM gather
the relevant medical history
during the conversation?
Medical |2- Did the Patient-Al agent use
Expert medical terminology during

the conversation?

3. Isthe Grader-Al agent reliable
for evaluating equivalence of
diagnoses?

CRAFT-MD: Clinical Reasoning Assessment Framework for Testing in Medicine
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Evaluation of Commercial and Open-Source LLMs
using CRAFT-MD

GO &3 Vignette | Loes f%
[%E 2/ - 5& k | ‘ CRA:T-MD g

. . . & Simulated

: ! Conversation /
@ {g:ﬂ %} | Diagtmsis ﬂjﬂﬂ

Evaluation across 12 Expert evaluations in Evaluation of text-only = Continuous
medical specialties. dermatology. and multimodal LLMs. Monitoring of LLMs.
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Systematic Evaluation Scenarios in CRAFT-MD

Case
Vignette

@

A 20-year-old woman
presents to the clinic
with a circular
hypopigmented
lesion on her right
cheek. ...

RAJPURKAR LAB

a

2

"""""""""""""" : @ Patient-Al Agent

Single-turn N
: conversation Clinical LLM

______________ ! D Evaluation Settings
( Multi-turn D Patient-Al dialogues
L conversation | | Clinical LLM dialogues

Summarized
conversation
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Current LLMs are Limited in History Gathering and
Diaghoses from Long Conversations

Free Choice Questions (FRQs)

1.2
B vignette
1.0 1 Multi-turn conversation
0.8 A
o
© 3
5 0.6 1 g n
O ~
& - i
© ~N
. E
I S g S g
0.2 1 & = g
2 a
0.0 ‘ |

GPT-4 GPT-3.5 Mistral-v2 LLaMA-2

m

RRRRRRRRRRRR

Complete Relevant Medical History
Gathered by Clinical-LLM*

100 1 B No

/3 Yes
80 -

60 -

40 A

20 A

GPT-4 GPT-3.5 Mistral-v2 LLaMA-2

*Based on Medical Expert Annotations

Dataset: MedQA-USMLE + Derm-Public + Derm-Private
(2000 case vignettes)
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Multimodal LLMs are Severely Limited in Image
Interpretation Capabilities

Vignette
1.2 9
1.0
0.8 1 ns

0.492 0.471

FRQs
Accuracy
o o
I o

o
[N}

©
o
i

Accuracy

o
o)

o
o

o
»
L

©
[N}

0.0

Multi-turn conversation

0.145

Dataset: NEJM Image Challenge
(May 2021- February 2024)

m

RRRRRRRRRRRR

ns

0.087

| w1

B GPT-4v (with image)

GPT-4V (without image)
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Intelligence To Patient Delivery

Nonimaging Data
E.g., sensor data, omics data, test results

SN

Medical Imaging
E.g., radiograph, CT scan, mammogram

- , Customized
% & Generalist | A
5 " nteractive
. 6 A Medical Al Reborts
' - Model P

Radiologist

Clinical History = ot

Patient

RIAJP!RK,ARLAE Rajpurkar, Pranav, and Matthew P. Lungren. "The Current and Future State of Al Interpretation of Medical Images." New England Journal of
Medicine 388.21 (2023): 1981-1990.



Can reports be truly catered to the patient and
their family members?

Radiology Report

Bilateral adrenal glands were
normal and no
space-occupying lesion was
detected. When examined in
the lung parenchyma window....
Osteophytes are also present in
the vertebrae...

Thoracic aorta diameter is
normal...

Calcific millimetric atheroma
plaques are observed in the
aortic arch...

i“ ””””” i **Luo, L., Vairavamurthy, J., Zhang, X., Kumar, A., Ter-Oganesyan, R.R., Schroff, S.T., Shilo, D., Hossain, R., Moritz, M. and Rajpurkar, P., 2024.
I— ReXplain: Translating Radiology into Patient-Friendly Video Reports. arXiv preprint arXiv:2410.00441.



Ease the Understanding - Connect Radiology
Reports to Image Region

Radiology Report

Bilateral adrenal glands were
normal and no
space-occupying lesion was
detected. When examined in
the lung parenchyma window....

Thoracic aorta diameter is
normal...

Calcific millimetric atheroma ~
plaques are observed in the

i“ JJJJJ i **Luo, L., Vairavamurthy, J., Zhang, X., Kumar, A., Ter-Oganesyan, R.R., Schroff, S.T., Shilo, D., Hossain, R., Moritz, M. and Rajpurkar, P., 2024.
I— ReXplain: Translating Radiology into Patient-Friendly Video Reports. arXiv preprint arXiv:2410.00441.



Ease the Understanding - Deliver the Information

How a normal scan
looks like?

What was found?
What does it mean?
Where is it?

How it looks like?

How the overview
of the organ looks
like?

Let me explain
these to youl!

m
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End-to-end System Integrating Cutting-edge Als

a. GPT-40 Gaussian Splatting
Written Report Important Finding Input Image Talking Head
Explanation
C. — — d.

é Segmentation
: Model

(D)
@
£
@

3

Patient’s Image Segmentation

3
8
B2

Normal Image Segmentation Video Report

|
pgs " Luo, L., Vairavamurthy, J., Zhang, X., Kumar, A., Ter-Oganesyan, R.R., Schroff, S.T., Shilo, D., Hossain, R., Moritz, M. and Rajpurkar, P., 2024.
ReXplain: Translating Radiology into Patient-Friendly Video Reports. arXiv preprint arXiv:2410.00441.



Patient-centered Radiology Video Report

o CT (moage Reerance Moo impos (N Youre)
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http://www.youtube.com/watch?v=D2js9HlYbwg
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