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Radiology images

A 76-year-old man was admitted to our hospital with 
cough and dyspnea. The patient had previously smoked 
50 packs of cigarettes per year and had no specific 
medical history. His Eastern Cooperative Oncology 
Group (ECOG) performance status (PS) was 0.

Electronic Health Records (EHR)

Medical data is unstructured data

Histology images

Bronchoscopy Discharge letter

Procedure videos
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Navigating the Growth of Complex Medical Data

1 1 Kong HJ. Managing Unstructured Big Data in Healthcare System. Healthc Inform Res. 2019 Jan;25(1):1-2. doi: 10.4258/hir.2019.25.1.1. Epub 2019 Jan 
31
2 Price SJ, Stapley SA, Shephard E, Barraclough K, Hamilton WT. Is omission of free text records a possible source of data loss and bias in clinical practice 
research Datalink studies? A case-control study. BMJ Open. 2016;6.
3 https://www.weforum.org/agenda/2019/12/four-ways-data-is-improving-healthcare/, accessed 07.10.2024

Unstructured data dominates healthcare

80% 
of medical data is

unstructured1
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Unstructured data dominates healthcare

80% 
of medical data is

unstructured1

Large proportion of
relevant information is
hidden in free text2

97 % 
of healthcare data

produced by hospitals
remains unused3

Healthcare data 
comprises 36% of 
the world’s data
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Opportunities and Obstacles in Unstructured Clinical Data

1 1 Kong HJ. Managing Unstructured Big Data in Healthcare System. Healthc Inform Res. 2019 Jan;25(1):1-2. doi: 10.4258/hir.2019.25.1.1. Epub 2019 Jan 
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Unstructured data dominates healthcare

80% 
of medical data is

unstructured1

97 % 
of healthcare data

produced by hospitals
remains unused3

36%

Curse and blessing

Slower clinical decision making

Information lack for research and 
quality control

Information lack for timely
patient care

Personalized representation of
clinical encounters

Comprehensive contextual
information

Unique details

Quality of care

Science validity

Lack of
interoperability

Flexibility

Large proportion of
relevant information is
hidden in free text2
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LLMs Bridge Free-Text Flexibility and Structured Data Insights

Curse

Slower clinical decision making

Information lack for research and 
quality control

Information lack for timely
patient care

Blessing

Personalized representation of
clinical encounters

Comprehensive contextual
information

Unique details

LLM
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What are Large Language Models? 

LLM

Deep learning model
(transformer), pre-trained

on trillions of tokens

Sahoo, Pranab, et al. "A Systematic Survey of Prompt Engineering in Large Language Models: Techniques 
and Applications." arXiv preprint arXiv:2402.07927 (2024).

LLMs learned semantic relations through

representation of word and context embeddings

in the vector space

https://developers.google.com/machine-learning/crash-course/embeddings/
translating-to-a-lower-dimensional-space?hl=de
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From Prompt to output

Prompt Output

LLM

Deep learning model
(transformer), pre-trained

on trillions of tokens

Sahoo, Pranab, et al. "A Systematic Survey of Prompt Engineering in Large Language Models: Techniques and Applications." arXiv preprint arXiv:2402.07927 (2024).

- LLMs are trained to
generate human-like text

- New tasks can be solved
without extensive training

- NOT deterministic! 

Semantically similar

prompts may have

drastically different 

performance
Communication matters!
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LLMs have impressive zero-shot abilities

Zero-shot!
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LLMs have impressive zero-shot abilities

Tu, T., Palepu, A., Schaekermann, M., Saab, K., Freyberg, J., Tanno, R., Wang, A., Li, B., Amin, M., Tomasev, N. and Azizi, S., 2024. Towards conversational
diagnostic ai. arXiv preprint arXiv:2401.05654.
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LLMs for information retrieval … and medical text summarization

LLMs Boost Medical Documentation with Data Retrieval and Summarization

General condition: The patient appears
slightly exhausted, but oriented and
responsive.Vital signs: Blood pressure
130/80 mmHg, pulse 75/min, respiratory rate
16/min, body temperature 37.0 °C.Head: No
external injuries. Pupils isocoric and reactive
to light.Neurological examination:
Unremarkable motor function and
sensibility. No pathological reflexes.

LLMs summarize clinical text, but with “misinterpretations” 

(6%), “inaccuracies” (2%) and “hallucinations” (5%)

1 Sinsky, Christine, et al. "Allocation of physician time in ambulatory practice: a time and motion study in 4 specialties." Annals of internal 
medicine 165.11 (2016): 753-760.
2 Van Veen, D., Van Uden, C., Blankemeier, L. et al. Adapted large language models can outperform medical experts in clinical text summarization. Nat 
Med (2024). https://doi.org/10.1038/s41591-024-02855-5

“compared to 9%, 4% and 12% (…) by medical experts”2
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Local LLMs extract Structured Information and preserve Patient Privacy

Adverse Events?
n=170 + n=500

Llama-2

GPT-4

Symptoms present in 
patient histories? 
n=500 (MIMIC IV)
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Easy-to-use pipeline for medical information extraction with LLMs 
(LLM-AIx)

Wiest IC, Wolf F, Lessmann ME, van Treeck M, Ferber D, Zhu J, Boehme H, Bressem KK, Ulrich H, Ebert MP, 
Kather JN. LLM-AIx: An open source pipeline for Information Extraction from unstructured medical text based on 
privacy pre-serving Large Language Models. medRxiv. 2024:2024-09.



Slide 406

Local, privacy preserving 

LLM

Data unpublished, please do not distribute!

LLM-AIx structures molecular pathology reports for tumor documentation 
system
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LLMs have impressive zero-shot abilities

Zero-shot!
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Using LLMs just „as they are“ has limitations

 They hallucinate

 The knowledge is limited 
to training data

 Answers might be 
inadequate or have limited 
precision

 Why the LLM chose this 
next token is not
transparent

Limitations of zero shot LLMs …

Wei, J., Wang, X., Schuurmans, D., Bosma, M., Xia, F., Chi, E., Le, Q.V. and Zhou, D., 2022. Chain-of-thought prompting elicits
reasoning in large language models. Advances in neural information processing systems, 35, pp.24824-24837.
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Using LLMs just „as they are“ has limitations

Limitations of zero shot LLMs … In-context learning and prompt engineering overcomes limitations

Wei, J., Wang, X., Schuurmans, D., Bosma, M., Xia, F., Chi, E., Le, Q.V. and Zhou, D., 2022. Chain-of-thought prompting elicits
reasoning in large language models. Advances in neural information processing systems, 35, pp.24824-24837.

Context

Instruction

Output Indicator

 They hallucinate

 The knowledge is limited 
to training data

 Answers might be 
inadequate or have limited 
precision

 Why the LLM chose this 
next token is not
transparent
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Not all limitations can be overcome with “simple tricks”

LLMs can be integrated in 
compound AI systems

LLM autonomy

hig
h

lo
w

Limitations of zero shot LLMs …

 They hallucinate

 The knowledge is limited 
to training data

 Answers might be 
inadequate or have limited 
precision

 Why the LLM chose this 
next token is not
transparent

?
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LLMs can be augmented with information from solid knowledge databases 

[…]
[…]
[…]
[…]

Embedding and storage in vector 
database

Answer
Prompt + 
context

Prompt

What is the state of the art therapy

for colorectal cancer?

LLM

Retrieval 
Augmented 
Generation (RAG)

Ferber, D., Wiest, I. C., Wölflein, G., Ebert, M. P., Beutel, G., Eckardt, J. N., ... & Kather, J. N. (2024). 
GPT-4 for Information Retrieval and Comparison of Medical Oncology Guidelines. NEJM AI, AIcs2300235.

LLM autonomy

hig
h

lo
w
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LLMs can be augmented with information from solid knowledge databases 

[…]
[…]
[…]
[…]

Embedding and storage in vector 
database

Answer
Prompt + 
context LLM

Prompt

What is the state of the art therapy

for colorectal cancer?

Ferber, D., Wiest, I. C., Wölflein, G., Ebert, M. P., Beutel, G., Eckardt, J. N., ... & Kather, J. N. (2024). 
GPT-4 for Information Retrieval and Comparison of Medical Oncology Guidelines. NEJM AI, AIcs2300235.

Retrieval 
Augmented 
Generation (RAG)

LLM autonomy

hig
h

lo
w
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Enhancing LLMs with Knowledge Graphs and Retrieval-Augmented Generation

Standardized terminology + ontology

Knowledge
Graph + RAG

LLM autonomy

hig
h

lo
w

„Large Language Models 
are poor medical coders“

Soroush, Ali, et al. "Large language models are poor 
medical coders—benchmarking of medical code 

querying." NEJM AI 1.5 (2024): AIdbp2300040.
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Enhancing LLMs with Knowledge Graphs and Retrieval-Augmented Generation

Standardized terminology + ontology

Programmatic, human defined control logic

Knowledge
Graph + RAG

LLM autonomy

hig
h

lo
w
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Building Autonomous LLM-Driven Clinical Decision Support Systems

LLM-defined control logic

LLM

Instruction:
“Think slow” and 

develop execution 
plan

The “LLM orchestra”
LLM

LLM

LLM

LLM

Clinical trial
matching

Clinical decision
support systems

LLM-Agent 
system

LLM autonomy

hig
h

lo
w
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LLMs for Clinical Trial Matching

51 patient records

LLM

LLM
Prefiltered trials

Inclusion & 
exclusion criteria

Ferber, D., Hilgers, L., Wiest, I.C., Leßmann, M.E., Clusmann, J., Neidlinger, P., Zhu, J., Wölflein, G., Lammert, J., Tschochohei, M. 
and Böhme, H., 2024. End-To-End Clinical Trial Matching with Large Language Models. arXiv preprint arXiv:2407.13463.

LLM-Agent 
system

LLM autonomy

hig
h

lo
w
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LLMs for Clinical Trial Matching

•51 fictitious patients‘ EHRs

•GPT-4o accessed 105,600 
clinical trials

•LLM identified pre-selected
trials in 93.3% of cases

•LLM screened candidates for
eligibility

Ferber, D., Hilgers, L., Wiest, I.C., Leßmann, M.E., Clusmann, J., Neidlinger, P., Zhu, J., Wölflein, G., Lammert, J., Tschochohei, M. 
and Böhme, H., 2024. End-To-End Clinical Trial Matching with Large Language Models. arXiv preprint arXiv:2407.13463.

LLM-Agent 
system

LLM autonomy

hig
h

lo
w
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LLMs for Clinical Decision Support

Ferber et al., Autonomous artificial intelligence Agents for clinical decision making, Arxiv (2024)

LLM

Which 
treatment does 
this patient 
need?

Radiology-
model

Pathology-
model

Genomics-
model

Websearch
Calculator

Given Mrs. Brown’s current clinical scenario, 
including the recent CT findings and genetic
profile of her tumor, a strategic re-evaluation of 
her treatment plan is warranted. The
presence of a new liver lesion suggests disease 
progression, and the genetic analysis
revealing a KRAS mutation significantly impacts 
the choice of targeted therapy.
Specifically, the efficacy of Panitumumab, an EGFR 
inhibitor, is compromised in the context
of KRAS mutations [25], [26]. Therefore, continuing 
chemotherapy plus Panitumumab is not
recommended based on the current evidence.

Pathology images

Radiology scans

Unstructured reports

LLM-Agent 
system

LLM autonomy

hig
h

lo
w



Slide 419

LLMs for Clinical Decision Support

Ferber et al., Autonomous artificial intelligence Agents for clinical decision making, Arxiv (2024)

LLM-Agent 
system

LLM autonomy

hig
h

lo
w
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Balancing Control and Autonomy in Medical AI Systems

LLM 
generated 
roadmap

LLM-
Assistant

Human 
generated 
roadmap

LLM-
Assistant

Tradeoff between control logic and 
autonomy

Evaluation is key!

?

LLM autonomy

high

low
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Balancing Control and Autonomy in Medical AI Systems

Clusmann et al, rxiv, Sep 2024: Prompt injection attacks on vision-language models in oncology

?

LLM autonomy

high

low
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Balancing Control and Autonomy in Medical AI Systems

Tradeoff between control logic and 
autonomy

Evaluation is key!

New models every few months

Immense improvement through in context learning
Because of increasing (infinitely long…?) context windows!

Increasing benefit from agent systems
Solid benchmarking frameworks

Education about LLMs and optimization

?

LLM autonomy

high

low
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Autonomous agents as one way towards multi-modality in medicine
Generalist 

Models

1

3

2

Predicted drug
response

Cancer type 
and subtype

Radiology
assessment

LLM Generalist 
Models

Cancer type 
and subtype

Radiology
assessment

Predicted drug
response

LLM-orchestrated
Agents

Zhang, K., Zhou, R., Adhikarla, E. et al. A generalist vision–language foundation model for diverse biomedical tasks. Nat 
Med (2024). https://doi.org/10.1038/s41591-024-03185-2
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 Education about LLMs

 Solid output evaluation

 Prospective clinical studies

 Supportive lokal IT Infrastructure

What it needs for succesful implementation
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