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Limitations
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Clinical application
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LLM 2HA 2=

External Knowledge

required

]

o . R
c £ High RAG
= g (Retrieval-Augmented Generation)
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£
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o Prompt
S < Low Engineering

Model Adaptation
" required
Low High

LLM Optimization (How the model acts)



Prompt Engineering
S Helof Cis] R 0| § F #HS3HES 22 H|AE (Prompt) & A K8} St YA

ndard Prompting -oi-‘lhougm Prompting

(RS

Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balis. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?

A: The answeris 11. : Re of 3 tennis balls
sach is The answer is 11.

Q: The cafetena had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
| dothey have? make lunch and bought 6 more, how many apples
/| dotheyhave?
romt ey

y
/ \ | ATheansweris27. 3
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Complex Prompt

Consider the given text in Spanish.
Translate it into English. Find all the
statistics and facts used in this text
and list them as bullet points.
Translate them again into Spanish.

Simple Prompt

Read the given
Spanish text.

il

Translate the text
into English

language.
¢ .

Fetch the statistics

Translate them
into Spanish
language.

T

Create a bullet
point list of all
these facts.

T

and facts from the

text.
3
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RAG (Retrieval — Augmented Generation)

Retrieval (ZM) — Augmented (5&) - Generation (‘4d)
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Fine-Tuning-PEFT (Parameter Efficient Fine-Tuning)

DEol ZF 20|00 A E HESZ (OHE) & =75t O] HERATE stsA7|= SA

Weight update in regular finetuning Weight update in LoRA
P r e LoRA matrices A and B 0 tput
- approximate th e weight
‘t . . . . \ update matrix AW~ \
- 3 Pretrained uwpeclig?; Pretrained v
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Comparison (Complexity and Cost )

Complexity of Implementation Cost of Implementation & Maintenance

Prompt PEFT Full Fine-tuning Prompt PEFT Full Fine-tuning
Enginerring Engineering




Comparison (Performance)

Avoiding Hallucinations

Prompt Enguneennq Full Fine-tuning

Up-to-date Response

Prompt Engineering RAG Full Fine-tuning

Domain-Specific Terminology

Prompt Engineering Full Fine-tuning

Transparency & Interpretability

Prompt Engineering RAG Full Fine-tuning



Agentic Workflows

| RAG ] | Agentic application |

[ Prompt Engineering ]

" Knowledge
Tool use
J Answer
Answer Answer
Agentic Application
LLM 1t RAGE ZE&ol Chfot 7|as S8t ArEAIel EZES Mot dA dss o3 = Us
QISR AlLHEL Chot 222010 [F API & E85t et HYUS X522 sdd + ULt



Fvaluation of LLM

T2

Human Evaluation
(Reliable &, Accurate £

Statistical Evaluation
(Reliable §5, Accurate %)

LLM-based Evaluation

(Reliable $&, Accurate )

WP

Metrics

28
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3 WY8AIL BHS BIshe BA

o Fluency (RZ4)

CAGE SAET AAAYD Y| 422 Bt

© Relevance (##14)

L @0 O BE/F A2t SO 20| A=A Bt

o Coherence (Z2H4)

B8 =2 B2Y 0] A0 FAEEA B

o Factual Accuracy (AFE 3 HEH)
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Fvaluation of LLM

Comprehensiveness How well does the summary capture important information?

Conciseness How well does the summary exclude non-important information?
Correctness How well does the summary agree with the facts outlined in the

clinical note?

Fluency How well does the summary exhibit fluency?

Matthias Ganzinger, et al. Scientific Reports, 2025
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Initial output

» Past Medical History: gastric cancer s/p operation
+ Reason for Visit: Presented after falling

Prompt on the stairs 3 hours prior, hitting his right arm. Final output
You are an emergency medicine : :ﬂghﬁfg%g;%m AP Lateral and Both The patient with a past medical
physician. Based on the contents Obligue (RT) . ! history of gastric cancer 5/p
of [ED Initial Record] and [Prescription N 5 - operation, presented after falling
List], which make up the given l'[l'lrg_.u;::g ESE-%ELEEEE:;IQ;;?iﬂ-:'ﬁEnﬁcﬂlfﬂ.} on the stairs 3 hours prior, hitting
<|nformation=, please follow the - o his right arm.
: # Prescribed Medications: Brought Rule-based
<Rule> to create an emergency room . ; : . - )
discharge record. LLM h Outpatient Appointment: Orthopedics/2022.11.11. | refinement | X-ray was performed, followed
i : i “| bysuturing and splint application.
The emergency room discharge record generated . ' .
<Rule= (...} R Ebwg Formation :'E - ulluw?se The patient was discharged with
: medication and a follow-up plan
<Information> The patient with a past medical history of gastric in orthopedics.
cancer s/p operation, presented after falling on : T :
ED initial Prescription the stairs 3 hours prior, hitting his right arm. me”.m ldf':# hm'_'?' Eﬂa:tureg ;.as
record list Elbow AP, Lateral and Both Oblique (RT) was ‘f:fi ft'l”n‘z‘n = Ed,'eﬁl nggn :ﬁ'gr .
Y A performed, followed by Suture except for facial & explained, along with education
neck (less than 2.5cm) and Long Arm Splint (NEMOA). o'n drc—ssir; and suture removal
The patient was discharged with medication and a g : .
D Simplifying verbose prescription terminology
and inserting text of patient education and future
plan based on the lists of impression and diagnosis
EHR
ED initial record Specialty consultation Prescription list List of impression
request form » Laboratory tests and diagnosis
+ Reason for referral + Imaging tests

+ Consulting department

+ Treatments done
» Prescribed medications
+ Dutpatient appointment

Ji Woo Song, et al. JAMA Network Open, 2025
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Manual note

LLM draft LLM-assisted note

Physician’s writing time was significantly shorter
with LLM assistance.

LLM-assisted notes achieved higher scores than

manual notes.

350+

300 . Manual note

[] LLM-assisted note

250+

2004

1504

Time, s

1004

50+

L4

Overall

ED physician alone

Single specialty
consultation

Multiple specialty
consultations

Ji Woo Song, et al. JAMA Network Open, 2025



Table 3. Mean Comprehensiveness, Concision, Coherence, Harmfulness, and Rating Scores of Individual Errors Identified in Physician- and Large
Language Model (LLM)-Generated Discharge Summary

Hospitalist (n = 14) PCP{n=3) SNF physician (n = 5) All reviewers {(n = 22)
Mean (SD) Mean (50) Mean (50} Mean (SD)
Score Physician  LLM Pvalue®  Physician LLM P value® Physician LLM P value® Physician LLM P value®
Comprehensiveness®  4.20 3.73 =.001 3.93 3.32 .004 4.18 3.95 .02 413 3.72 =.001
(0.72) (0.8) (1.19) (1.32) {(0.75) (0.67}) (0.58) (0.58)
Concision® 3.99 412 .25 3.07 .51 .02 3.62 4.18 <001 3.70 4.01 <001
(0.73) (0.60) (1.13) (0.96) (0.96) (0.71) (0.59) (0.37)
Coherence® 4.29 4.35 .50 3.53 3.75 31 3.80 4.15 <001 4.01 4.16 02
(0.64) {(0.56) (1.26) (1.15} (0.70) (0.51) (0.53) (0.39)
Global harmfulness®  0.36 0.84 =001
(0.70) (0.938)
Global quality rating® 4.04 3.76 007 3.20 3.17 .50 3.67 3.80 .054 3.77 3.67 21
(0.69) (0.71) (1.19) (1.21) (0.87) (0.70) (0.57) (0.49)

Table 4. Physician- and Large Language Model (LLM)-Generated Discharge Summary Preference

No. (%)
Preference® Hospitalist PCP SNF physician Total
Physician-generated summary 104 (52) 39 (52) 52 (42) 145 (49)
LLM-generated summary 64 (32) 28(37)  51(41) 143 (26) Abbreviations: PCP. primary care
physician; SNF, skilled nursing facility.
Equal preference 12 (16) 8(11) 22 (18) 62 (16)

iy2=52:P=27

Christopher YK. , et al. JAMA Internal Medicine, 2025
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1. I think that | would like to
use this system frequently

2. | found the system unnecessarily
complex

3. | thought the system was easy
to use

4_ | think that | would need the
support of a technical person to
be able to use this system

5. | found the various functions in
this system were well integrated

6. | thought there was too much
inconsistency in this system

7. I would imagine that most people
would learn to use this system
very quickly

8. | found the system very
cumbersome to use

9. | felt very confident using the
system

10. I needed to learn a lot of
things before | could get going
with this system

Strongly
disagree

Strongly
agree

Brooke J.,Research Gate 1955
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Summary

Al can support decisions, but clinicians remain responsible
- RAG for evidence grounding

- Fine-Tuning

- Evaluation in real-world practice

No clinical decision without clinician confirmation
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