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[Abstract]

This study explores the improvement of work efficiency and expertise by applying Private LLM
based on Large Language Model (LLM) to the field of clinical trials in medical devices. The Private
LLM system provides sophisticated and accurate answers based on clinical data and shows its potential
for use in various applications such as decision support, clinical expert activity assistance, new content
generation, and problem solving. The study consists of the following four main steps. First, data
specific to clinical trials of medical devices are collected, preprocessed, and organized into a learnable
format. Second, based on open-source LLM models such as LaMA, PEFT (LoRA) and RAG techniques
are applied to build a customized private LLM Q&A system for a specific clinical domain. Third, it
realizes expert-level Q&A function by utilizing the established system and solves complex questions and
problems that arise during clinical trial operation. Finally, by evaluating the performance of the system,
we propose a direction to increase the efficiency and reliability of clinical trial operation and medical
device development. As a result of the study, the Private LLM system has outperformed the existing
methodology in supporting task automation and precise decision making. In particular, the ability to
provide accurate answers to questions from domain experts and to generate new clinical criteria and
insights shows the potential to become an innovative tool in clinical trial operation of medical devices.
This confirmed the practical applicability of Private LLM in precision medical care, automation of

clinical trial management, and a Q&A system based on domain knowledge.
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I. Introduction

= o] 2(Large Language Models, LLM)Q]
2 AT F At ASAIS(AD) 71s9] Fagt Ao
2 AR A Qltk (1] LLM 7]uh AE Al= Rp9of &
2je} HAE A, Hlojg 24 5 thdet ZofollA Ho
U 52 Bolal Qlo, 53] 9ar|7] Ao 1
g8740] AW o =ox|aL ot 71E9] YA HlolH
A WA Uit2 HlolHE A2jshes ] o AREA,
H]8A SHAZE QAL ol AR AlR)dt a7
SN =
ISP Al 71E W S SR 4 9

2 geay 9t} 2] o] 7le2 JHhit 4 HlofE

O.

olg7]7] Qe AEO] QA
593 o2, dolg £Ao| Fatyal Az
FQ3t A3ke it 71E0] BAA B4 Y

1

doleE antdoz X2ishe ol At

s olo] Ze(LLM) 7]¥He] Private LLMS &-&3lo] ¢77]7]
a8 A S @St Private LLM Al 2B Q14 HloJHE 7oz

S AFsH, AR A, I AT EF Bx, AR Fu= QA
& ollA &§ TheAS HolEth A7 te dl 7 F8 dAE
stgl dolHE FHsta o) dAEste] g5 7hee ¥

A, LLaMAS} & @Z22 1IM 2ES 7]9ko 2 PEFT(LoRA) 2 RAG 7]
© i3 Private LLM A& A|~BE F58T0h AA,
S )5S Ads, AT £ F B

=3

I =9l RA 7uke] A&t A AEo) A Private LLM

QA TN L Fot AL EekE 4 Ak LLM
718 A Al o2 BRI AT 4 Ak T15A e
Holz1 olck. 53] LLME 71E BAA wueu ge),
dlojelo] ke iAol oAl o HElg HAstL
F0% 4NE 537 2 Aok

B ATE LLM 7] A8E AUE QAAEe] ofE)
K8 4 LAl ol TAIe Wae

S QPAIEY] AT 58S ofEA AN
.

Msich [10]. AR 02 LLaMASL 7+

ol
Lo 4 mj

oc|-)rn o

L =
ARG & Qe JhsAS Wolete, S dAAIRolA
LLM 71%9] &% 74 =ofsic

o
LLM 7|8 7]&2 T3] dlojel s #4s)

oolE AYaL Qlot. A HlolE oA HaE mES uhg
<
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QAo LA WS AAlsle], o2 §3) oz 2
of 7ol HAIKQl WetS o] Boaat alck,

II. Preliminaries

1. Limitations of Traditional NLP Approaches
and Advantages of LLMs in Healthcare

71E9] Atolo] Aa)(NLP) W2 EAX BAx7)Hat 2
olof 91971, 94 LE, o2 23 59| ujny 9y
Ald HolBE #Aste bl 71249 922 sligksyt
2y ddie] g A4 A}do] A8 F S5l U
T2 o} RR(LLM)Y] 7|5t BluE off HERt ©
Awsh]ct,

« 71E NLP %252 55 AP I 4] 7]ut A
280l ojzghon, o]t cioret 92 wuelo] gl
A.g2jo] HolRr,
oz tfojele] nRgt Atolel BAAE olsfetALt
Wekg WESHE o) of2fgo] Yuayrh

+ o2 gojo] tlopgat AlA A Alolg thet o

Alefo] AUt
* 7]& NLP= A2 & =ufQlof] ASsH{H T2
o] =dfQl S5} glojEle} golE Aol By

Table 13} Zro] tht2 Aol ZE(LLMs)2 7]& NLP
o Mg 35351, 2& Hokoﬂf\i o2t SHIE =53t
+ YUMoz LLMAS ©BRls Jagyo[17]118][19]

()
=2

o

Table 1. Comparison of Traditional NLP Methods
and Large Language Models (LLMs) in Healthcare
Features Traditional NLP LLMs
Relies on Excels in understanding
Accuracy rule-based ;
medical contexts
systems
Data Limited to Capable of integrating
Handling text-based data | multimodal data
Ezzl:gsli Adapts quickly with
Adaptability . . Few-shot and
domain-specific .
L Zero-shot learning
training
. Basic text Sup.pc?rts cllnl.cal
Applications . decision-making,
analysis . ;
medical education

Rt Table 29F 2o] 7]E9] Ajeiof A2)(NLP) o]
U EA7|dHo] £8%5 ojalgld 7|He 2 A 1uFet S
ARH A @ Hofo] o] 2 2ofo] 7jQI5tE] AlOJA|AEIS ute
=0 ojx= GPT4 o]$9] rdof tsials= Aetwo}
F1 Scoreo] 91014 3&3] 50| YojxIch[20]

Table 2. Comparison of NLP/ML Approaches and
LLM Models in Accuracy and F1 Score

NLP/ML Approach Accuracy F1
Pretrain-BertwithXGBoost 0.326 0.303
TextCNN 0.437 0429
HierarchicalAttention 0.495 0.477
TextBiLSTMwithAttention 0.512 0.5
RoBERT 0.585 0.543

LLM Base Approach Accuracy F1
GPT-4(few-shot) 0.62 0.671
Fintuned-LLaMA-2-7B 0.71 0.593
Fintuned-LLaMA-2-13B 0.73 0.671

Tefy, 2 AFoMe oar]7] AGAIFEoIN E8E
+ A3, vdd tloly EA1} oAREA RS AFdol9]
W3- ofsfishA] Xt FAA WHoA gostal, 7]E9]
NLPo|A A sHAIE F55I0AT LLM AFC =2 A|=5}
ot

2. Related works
2.1 Domestic trends

B A o] LULME AR 48
she A7t S7le A7 71 Be FAlo2 s A1

2

2. KAIST, shgcieta, AAdkael 2 59 o

150] 912, dolel 1A % S LM 3

93t =2g FEskD ek o2 Sol, KAISTE thif

Wy dlolelS BAsH A Zutg o Ssks LLM 7|3t
].

o
Augion), o B P Ay

ods Aol Zast
Ads g e oidd.
3&%&7&& NEY(KHID) T3t LLMS &83) 9=

bk ofe mRMES A|Yshy
ol2igt Z2AE= th Hlo[HolA A% HH
7As] AAAFe] g 841 A SN 7 =

st 9irt. 31 o2 BRo)A LLMe] £¢o] 7}
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Table 3. Key Applications of LLM in Clinical Trials
- domestic trends

N Applicati .
Institution PAPIEE LI Description
Area
Disease Developing a model to
KAIST Outcome predict disease
Prediction outcomes using LLM
Using LLM for
Seoul . .
: Medical Data comprehensive
National . . .
. ) Analysis analysis of medical
University
data
Korea Health
Industry Integrated Supporting an LLM
Development | Medical Data project to develop
Institute Analysis clinical trial policies
(KHIDI)

2.2 A foreign trend

A APIR.2 LLM 7|8 A3 Alo) QgAIE Sl
W2 s D 900, 59 /1% 7148 47 JlEsol
o2 Zkstiul Qct Table 49t Zo] Google HealthQt
IBM Watson Health= tj%2 XA} 717+ 7]2(EHR)S &
M) Atk Aol XY o) &-2 7|MsH] 98] LLMS &
251 9t} [3]. Google Health®] EHR £AofA] LLMS
L83 A Y WS Paks] ArEs) AgAE A

S 0% AT 2 &+ ok g BoEn:

Y=o4= DeepMind®| AlphaFold7} A|oF AFio] 2
G2 UIRIAL e} AlphaFolde T e midls 74
gistA ofFsto] Alof 7idel Fash TS shal Qo
[4]. o]t 22 it LLMO] gAIES HetA7]aL A

THaeke AR BolEt

0]=9] Stanford UniversityQ} MITQ} 2L sk 7| 0E
& LLMO} AJolat 67 88 7hsol Be A4S 5t )
th 159 = LLM0] *‘Uo* glolEolA HEARl =+
A oRs WAT 4 gl ST HHle Alugo 2y
UPAFY S =% o ABS VS35 A [71.

Table 4. Key Applications of LLM in Clinical Trials
- international trends

B Applicati .
Institution PAPHIEE U Description
Area
Improving disease
Google EHR P o 9 . .
. prediction and diagnostic
Health Analysis .
accuracy using LLM
Protein .
. . LLM t tel
DeepMind Folding Arpep(;)i/::rt]g rotein Ostiﬁf:ltjgfezy
Prediction P P
Biological .
Stanford ologica Enhancing the accuracy of
. . Data o : .
University . clinical trials using LLM
Analysis

2.3 Theoretical background

WSAIF AN it do] ZE(LLM)9] A& Apeiof
A2J(NLP)e} 22 ofg] o]2A] mafde3o 7|¥ts =
NLPE LLMo| §1Zte] Qlof2 ofal, A2, Ade 4 9l
= ik LM F2 EMATOie 22 defyg o7 |el]
£ AMgal it ol A HlolElE Aeletn o] o)
L gl e ==t} [6]. 927]7] YA EA] o2t @
5410 ;\] 3] q]o]E1E' H/Ho}_,—i /\1-}\1101— y;__,_}qa AHH—}Eq
1A Elolg g 7vteg Aukg oFdl QAEE =
FIAAE 4 Qlck

H

2.4 Technical Implementation

LLM 719F 2389 AIS Aol 357 HshM &
UAY 7]aA GAIE AAoF gtk 94, Qar7] H I
A dlolElet HHE TR glojEAl
o] astt}. o] Aol w2 Akt
Efol] et Fol QHTt[9]

dlole 24 SAlME toet 249 A4 El°oEE
&Hsta, ofF AEsHA H&2]shof gttt HlolE FiA|2]
+ LLM 259] 450 2 d&= ulAH, 53] 44 dlo]
Bl HAE gAlor FUsHY BRI 4 oluRlE

et B HlolHE A2she Af}do] sttt

AXe2ld Hlol8= LLaMASE 22 @&EAA LM 25
= A&l StaE ], of goA PEFT(LoRA) R RAG
(Retrieval-Augmented Generation) 7|2 A8 22

2 FRsfitt. o2t Axst L YA o] o)
AL PP 503 942 HgUC) EF, B
o] ©]27]7] Ao WA cheket B Hol

B2 ansoz Ay 4 U=s Y (8]

= geAlle M
=
o

g7t 2E do]

il

LLMo| 8159 %, 0l2 QA 2ol Fste] A
AZIOE HolElg st 1 Ang 53t 959
LLME 94 lo]elS Aaist, sjste stofol, Zute
A5slE U B e Ak 53l S B 7
e B3 QNP HES oln, ML 4 Ak 2
2 w2s) £55ke Zlo] k5ot olaidl 1ed 13

< YA 284S =dietsts o 710 4 ok

25 A method of research

= Apolld= o2 AR AE E5i LLM 7]t A4
gAY APAIFAMY =S BRI o &
Google Health= LLME &8sl U2 Xt 7]E d|o]
El2 BAsto], 9 942 Algsty g} Auke JpMst
+ Hl 7]oi3it. o] AtollA= tit TlolElE Al2]sh=
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il

LLMo] 7]&9] #A4 Wity ¢ Al=]d o Qe 2y
&S 5 0SS BoFinh E O AR, Deelend
9] AlphaFold= @A g9l miglZ o &sh= o] AMEE
o, o] AloF 7 ‘3! Aad AN Sa3t 9
i}q 2 AFoM = AT HoEfolA DS 4~ 9l
0]3101- JJ-HHO] 01/\1—}\]04 734
o ojx]= ogkg Botehe W Agelttt. 53], LLM
HoJE}E Also= # aﬂ, A
1\]044 AL o
FAIE L}Hoﬂ A Ay 5h_

l'IJ

>~

A Aol UM o2 aupRlor Agd 4
AE=AS AAlStL glon], okog o wre AR ARs
&0l LLM 714t Ale] &8 7Fs/d2 B2 7Al=lolch[15]

Table 5. Key Benefits of LLM-Based Analysis in
Medical Device Clinical Trials

Benefit Description
Improved LLM enhances the accuracy of data
Accuracy analysis.
Time Automated processes reduce the time
Efficiency required for analysis.
Detailed LLM provides detailed insights to
Insights support medical decision-making.
Scalability LLM can handle large datasets smoothly.

III. The Proposed Scheme

2 oAM= ol27])7] UAA|E0| EdtEl Private
LLM 32 998 AU o 32 9ye sod S8

HolHA 5, LLM 22 743,
& 281 =0Ql 58t V]S 9] Yl 7
gt 7h @Ak 0)27)7] YA ot
vtgsto] ks S7|Ao g AR=std, Figure 19} 7}0] 0]
£ 54l oig Hoolq M9 Hue Dot A

ooz

_\9_@‘:‘

i_’i

o}

Private LLM Structure for Clinical Trials
Domain-Specific Feature Implementation

-Specific Prompt Engineering

¥

Private LLM for Clinical Trials

Domain-Specific Dataset Crc

LLM Model Fine-Tuning

Fig. 1. Clinical Trial Specialized Private LLM Approach

1. Building Domain-Specific Datasets
1.1 Data Collection
o g7|7] Aol Sate Private LLMZ a8 0
2 #5571 St A WA DAz, =HQd S8} glojEAl
=t of2igh Sabd HlolHAl2 ogvr|7] AN
*l°u E242 Stgsto] =H o 9 AAS} ud oA
AR ol st 2 DAL
g7 AAIE 2ok =HQl E4dof BHAl Rdst
7] Slall o=wr)7] WA AZ7t2RE F 158709 &
A(F 11,954 Holx|) g A6 2R 24 O
Il_} 7Po] =] Eﬂq:
o Al =A (3
GCP 24 &
. _u_,j]_ K}E (20%) 01/\1— ]
o 70| A7 &
- Z2EZ Y WA (25%) YHAY ZeE
(Clinical Study Report) E123] =

0%): FDA, EMA, PMDA 7}oj=ajol,

:I:‘;
2
jo

o, 22}

i
(@]
n
=

« EI] Sak B (15%): 22717 YA A
A, 71524 5

« 7]E} (10%): Sei3i9a] B B4, Bxt FolN ©E
25

1.2 Validity of Collected Data

27" dolgMe 9877l YAkl S3kd
Private LLM 53 9|5l Eﬂﬂol A&t a} thoky | 12

1 38 71673 FHOAN =2 E}E“é% *iﬂ
111,954m[0]x] 2 LAE dlo]ej= E:
A, Z2EZ A7, tolg e & ﬁ‘ﬂ“cﬂ KAl
Lolt], A BFT AR APAIE 04 LAY
= hofst AU S wiste= HAEQIcH
AAE golgy A 2A4(30%), 28 KFE(20%), &
2EEZ U BUX(25%), =717 S3F FA(15%), 71
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2H(10%)2 FHEI], 7 BRs ool 27t 2ES
Sl FEg A2lge Susick S5, 2 74 )
IHFDA, EMA, PMDA) 7tole2}el, GCP &A], At =9]

A BE Se Bl FA B Julel S1E 4
=S SlGin, WG Al2e T2EZL IR YA
4233} oole Te) AldolA e 4 9 A5

9% 4 2 J1EE ABH
o] Glo|EIE Chket 241 FAPDF, DOCX, PPTX
S)it U8R 7005 2151 9o} 2l 3ho] w2t ofs)
=5 Aol BEEA

2 dofg]

Zof Lo fo]gxle] XS HAlS
glo]g] Z7HData Augmentation)2 12{E|QloL} A

*
2
iu)

2710) ZE A} @A) 4799 dlolelo] S84 by
o} P Zo|g 241 ik WeElo] 15 TN
= A gEA] Tt ol B 840 MY NS
QAN E E0je) St LLM 750 Bagt ol
FAL suste o Jlejstact

1.3 Data preprocessing

2AE 2= PDF, YE, sh=, oz olE oMb &
E,]*OO]:OI' O:]/\]J_,]» }\1% ]:,]»E. E]O]O 7]“K]_]__ 01 %‘_%

Oll

Ardo] A2l AdE flsll AA2)7F Basiot ol ¢
Table 69F 22 Tlo|8 AA2] 2gE 7

Table 6. Data preprocessing process

Classification

Element Application Basis

Organizes Text, Image, and Table
elements from PDF, PPT, Word,
Excel, and HWP files

Text Extraction
and Conversion

Sensitive Filters sensitive personal
Information information in clinical trial data
Processing through entity masking and filtering

Processes transcription and
removes noise through methods
like normalization, sentence
segmentation, and correction
Breaks down paragraphs and
sentences to structure text into
analyzable units

Extracts keywords with significant
meaning from the text

Divides text into analyzable units by
identifying individual words or
meaningful phrases

Text Refinement

Sentence
Segmentation

Keyword
Extraction

Tokenization

o]%‘ﬂ] :IL%ET% EEIﬂO] E—Q,} Eﬂo]]ﬂ/ﬂ]o EG]J }\(-)]%Oﬂ
A&l gre n|x|o g, glo|ge] =Alu} At &t

wsbr| 93} HAle) Aol it A2vto] 7S Ast
et

2. Tuning domain-specific LLM models

2.1 Select and tune the base model

LoQl 9t LLM 23 732 tE{Meta)?] Q&4
Ot <lof =HQl LLaMAE 7[¥tog 4o¥stith
LLaMA 2512 ol27]7] QANE Hlojelz mhelEds]
0*9‘:4 L0l E3} glo|gAlS &8ato] R|&AQ1 AMA
S Figure 28} 7ro] XIshstoict.

ool By 7150 2 Parameter-Efficient Fine-Tuning
(PEFT) LoRA(Low-Rank Adaptation)S X-23ict. PEFT=
)& Beo) nejoletg AP 271 ShowMs 57 A1

oA 5 AT BIEQ slgolck

SEA
oIS

LoRA(Low-Rank Adaptation)= PEFTQ] 3t wlAlo
2, 839 57 W] 59 stjelg A% YUz
st ool EsIt. o]F Sl A metulElE AiE
Hsh= il X933 B2 285l mfetoly WY HelE
Qo en Hmajel At AFde] aeide =T

w3 e B0l YIAE ZREF 7, Mg =
U, A8 &4 TAleh 5 ohdRt AfdolA anbRigl
HHS AleT 2 AT AHsiih £t FRIAQd &
A &oll 2ol =l WA ARz FASh &
= ot WA St =HQl o9 S8 A=
=30

Fig. 2. Fine Tuning application code
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2.2 Create search augmentation:advance RAG applied

2A 573 Ad(Advance RAG) 71H2 AR Hlo]
Efglo]Ao)A LQast JHE ZAMste] wdlo] ¢ Aelst
352 Ast=E x|ttt o] 71y medof ohgt ol

it fo] 53] Bk oa clojejet AN o
P R Al A2l o 9gsith A4 &
(Advance RAG)S melo] x|2]slx] 235t g S Hetst
of pelo] g PAIE T BT ARE Bt 5
3l 28 Hug o A ol BEstel Huol 4

. 0] 71§12 5ol Figure 39} &=

iogelo] 29| 534

o Msbd ol AZ]A SFAF ZAME] Y E Sok A

a “ = =] }\(-)]
o Sgstol weaol Hu gyt ey Bk

$ HAE ZO7t HO 20|13 £Iete AR key paragraph A3
for i in range(len(texts)):
if len(texts[i].page_content) > text max length:

texts[i] = cut to key paragraph(query, texts[i], text max length)
¢ razss 95 A20] 44
faiss_vectarstore = FALSS.from documents (texts, embedding)
FONE 24 49
texts = faiss vectorstore.similarity search with score(query, k=k value)

¢ HA ZndM BAE 207 20 2005
for i in range(len(texts)):
if len(texts[i][0].page_content) > text max length:
texts(i] = list(texts[i])
texts[i][0] = cut to key paragraph(query, texts[i][0], text max length)

Elots E2 ey paragraph A5

$ 74 20 8 4
infomation = "\n\n\n".join([f"{text[0] .page_content}" for i, text in
enumerate (texts)])

Fig. 3. Search Augmentation Apply Code

2 des 71E Ao #8Y LLaMA, PEFT,

LoRA, RAG 59| 7|2 7I¥to= SHA|gh, ohga} 22

w5t 71eA 7104 g Eoll 7€ A+ U] ApEAEE HE
6}0%}.

s =9l S3t gojEAl %Lé 2 73 7IE AAE2
U9rHQl o7 dlolg #Ao £7d-& WHloL}, & <
T QAT HolE Y %*é% vrgt A2t 2
@ HolHAl 53} o]F 7[¥te=s st @l R

5ol A etes YA
* Advance RAGQ] It&3 Esh 7]&9] RAGE T3]
A 2 9 3] 2 =
AZbHlolH B7F 2 %% *Jﬂi ?2%*% Aol AA]
g &30l %= RAG &5 M7l BAIsH oI5
-5ofl dlolelo] &A1} Feda SAlol ZHsHA

* PEFT 2 LoRA9] %|A3} 3-8 gl A
2 9X|FHHA L ZOol Ei} 2*32 AAst] sl A1
B3 3 AUolE 7EE vt o 71E
PEFT 7]9F 110}t v]waf o © 30% ol =2
3lA e BLEU 74 W 15%9] fz%*% 7K.
LLM 718t QA EﬂOlE1 A Akssk 718 SAA
grEo] Al 4 Ud uigE dolHo oY &
RIS 7FssHi OPJXH WA A9} HlolE &
Ao] ARHQl & o) A=) ZFeeialth

3. Applying Domain-Specific Prompts
3.1 Considerations in Prompt Engineering
A TR e 1o MR ekt dole]
73137} _Q.:r’-ﬂh —‘?'—OFE om]—x%o] 0101 El:ﬂn]—gi: E
3 ol w@ g} 29 K27} ofie). wapy &

So) 20| AmyT YL ©

E?I Figure 49} o] /\]i%] ﬂ%oﬂi\i ZFLE HA
o o= %

To
ilte s

ToQl E3} LLMO] At At
2uEeo] A|AEl MAo] ZQa}c)

II:I &l' o

You are a medical device clinical trial expert.
Provide accurate and consistent answers to
questions related to clinical trials, based on
your knowledge of regulations, protocols, and

data management.

Fig. 4. System Role Settings Prompt

SA/gol tigh =uQl Set ZEnE HAA= o5 Y
M Fa 2 048 s il
* X|A](Instruction): R EofA 4
watop] AIAJgH
of): "QAINIE ElolElol A AFRE=

2 zavte)
+ 2(Context): YA 54 Aol Holeil
o chet v B2 ABste] Beo] of HEF 2

o)

g 5T 4 s A|H3i

4= Hlo]&(Input Data): A1 A2]g YA Ho]
ElL 2AE 2do) st

£2] X|AJRHOutput Directive): REofA ZAxtE ofH
FAo 2 LR A|AJFHE

- of: "F&5 gojot Fo g A E FH|= vighsla}”
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3.2 Prompting Techniques Application

XA E35} Private LLME 915l Few-shot Learning,
COT(Chain-of-Thought) Prompt Engineering
TechniquesS Figure 59} 7ZHo] AL-5}19ict.

* Few-shot Learning: YAMA|E = E 7HK] ofjA|
250 Aigstol 57 Aol ol WA 55t
A gstes gk ol Choret AAIY Bolot sl
Aol 2 et ARlstel mlo] Wl e
=X} LLaMA 239 2 Few-shot &2 E35
A g50] AEESEH13)

Chain-of-Thought Prompting: LLMo[lA] 4]t &
£ A0S YT 4 UL 5 22 WAS ek

rulm

YHoIT). ot YA AT 2L B4 Yo 1

ET T 4
neo] 2R|2 ofZsie o)

aupolci14].

Fig. 5. Implementation Code for Prompt Engineering

4. Implement domain-specific features

4.1 Answer processing function classification
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4.2 Implementing a functional structure that
considers users and administrators
Esbe] LLM AJAEIS JL&8F of, AFRA} SA] AlA|9}
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o 7Rl B, T2]0 AR Y ol 323 o
siC} Figure 69] 7)%5 32 %9} Figure 7 B9l 31X
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Fig. 6. Domain—-specific functional structural diagram
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IV. Performance Evaluation

1. Rationale for Selecting GPT-4 as a Comparative
Benchmark
GPT-4& %9 o|& tlolElloA A4e] 45g 712
5H, 2 1ol A] Private LLM?] Hx|0})] thatoz A
e &Yt £3], USMLE, MedMCQA, PubMedQA Al
7 28 9= go[HAloA GPT-49] etz |4l 9
2 =3t LLMy} vj@sle] 81 258 depduch ox
Table 70 0kl 4% dlo|e|2 Hats| slgch[16]

Table 7. Avg. Deviation of Models Compared to
Human Performance[16]

(%) USMLE MedMCQA PubMedQA Deviation SUM | Avg. Deviation
FT BERT 42.38 46.97 5.80 95.15 31.72]
Galactica 42.40] 12.40] 0.40 55.20 18.40|
PMC-LLaMA 42.30 39.46) 850 90.26 30.09]
GatorTronGPT 4410 44.90] 040 89.40 29.80
DoctorGLM 19.40 90.00 78.00 187.40 6247
MedAlpaca 26.80 90.00 78.00 194.80 64.93
Codex 26.80, 27.30] 020 53.90 17.97]
Med-PaLM 19.40 32.40; -1.00 50.80 16.93|
Med-PalM 2 0.50 17.70 -3.80 14.40 4.80]
GPT-4 0.30 16.34 -2.40 14.24 4.75]
Human 0.00 0.00 0.00 0.00 0.00|

Table 7+= 7} ¢lo]EjAllof|A] GPT-47F Human £3Y A
1fete] HMAKDeviation) oA 7P 22 = 71551,
g ZopoflA Fi 50 W dat S 23S
= Hogyoh o= 9rr|7] LAIF =otol|A Private
LIMO] /5 vl g gt 7P Al E 4 Q= 7184 L
2 3y O2tA 2 Ats GPT-4& Yix|ui2 2
2 AEstgict

2. Select Performance Evaluation Indicators

& oar7] Aol AEstEe 7169 Yr ok
9] Text Generationdt Question Answering Systems©]
710 Agtst A|®2 BLEU, ROUGE, EM, F1 Score 5
o] AAIEUTH17]. 7]1E2] EM(Exact Match)e toj7}
Asks] AX|sfjof ApE Hoste =z, GPT-49F Private
LLMo] Z2 oJu]g tte2A| #lsh= 495 HgstA] &
it} o5 Bsty] 95l SASE E8sto A B

ooy FAMIS 7ok, Dt 24 iR gof =

QL |
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B Eﬂ/\EE 9,]:9. }o:] l-d_ cn]:rLoﬂ}q 7(4_9_6}3:]: }\]iEﬂﬂ](
A2]7t H Ygoct. 2 Aol ?lojAl= SAS (Semantic
Answer Similarity), BLEU, ROUGES ©Rl5}t0], AFd W

= FFoIY Hlu 2RE2 g9 45E
OpenAlAte] ChatGPT GPT4of thaiiA UAFRE71e]
&2 Fofste] vl 3ot £=A 52 ste o] ALY
Zado] Qlo] =0]7 Sit}t ¥l HIMX|ZE Table 8
of] 7145 0{9l= vfe} 7¥o], BLEU, ROUGE, SASZ LLM
wope] g 5573 0lA ol ARl A|EOlT
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==

19,

Table 8. Performance Evaluation Indicators

Evaluation Metric Application Basis

BLEU Measures similarity between
(Bilingual Evaluation | generated and reference text;
Understudy): primarily compares with source text
ROUGE

(Recall-Oriented
Understudy for
Gisting Evaluation)
SAS(Semantic
Answer Similarity)

Evaluates text summary relevance,
natural language

Enables evaluation of semantic
alignment

3. Performance Evaluation Indicators Comparison

Results

35 vlE gt 78%*% UFAIG A Bt A
2 AES 0FAGHA A7-& randomsH] AMEHE 43
A & LLMO] “d50l tieh 8]wiAS Table 99 #o]

loict.

> S o

Table 9. Evaluation index measurement results
(Samples = 200)

BLEU ROUGE sAS
\ o Precision Recall Fi-Score Cosine Eudlidean
Tivate
| T = o — =
T | Gt | P | chatepr | P | chatrr| T | chatorr | T | chatgPT
um um um um um

mean 2.059. 0.570| 0.190 0111 0817 0.226] 0.293 0.140] 0.640 0616 0.075, 0.073)
std 7.503 1.133 0.124 0.061 0.121 0.073] 0.137, 0.042] 0.145 0.114 0.019] 0.011
min 0.000 0.000| 0.025 0.043 0.435 0.068] 0.048| 0.066| 0.255 0231 0.044| 0.050)
25% 0000 0078 0.117) 0080, 0.760| 0180 0.202] 0113 0546| 0541  0.062]  0.065
50% 0014  0218] 0.166) 0099 0843] 0217 0274] 0134 0647] 0635 0071 0073
75% 0.169 0.650| 0.214 0122 0.903 0.262] 0,344 0.159] 0.752 0.692 0.083| 0.079)
max 62.597| 11484 0.828 0.517] 1.000 0615] 0.857, 0.286) 0.975 0.845 0.214) 0.108)

3.1. Comparison of BLEU scores
BLEU Scorei= HIAE oM 2 AFEEE= BHE
7jgre] ez, Y HAET} HmH AL Aupt
Yrlakerls £
* Private LLM: B+ BLEU 4= 2.0592, o{&s] &
£ 3 BSIAIRE FTRlo] 62,5972 £ Aol
£ e 52 45S B9t BEHRPE 7.5030 2
37) wjgol, YR AR £ H5E oot
* ChatGPT: "4t BLEU d4= 0.570=2, Private LLM
Ho} Jo} Foigto] 11.4842, Private LLMoj H]|3}
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QA 22 dee HolRl= AU

BLEU #7804 Private LLMo| ChatGPTRC} ZrQl
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(o]
et s BAIE A

3.2. ROUGE Score Comparison (Precision, Recall, F1)
ROUGE= Add EIAET} efmsAet dopt HAl=
H+= | E=Z1O0 2 Precision, Recall, F1-Score’}
Felch
* Private LLM: Precision ®#71e 0.190, Recall2
0.817, F1-Scorew= 0.29302 UERIT} Private
LLMo] ARl o2 =9 Recall 7} Holil 9o,
o B Rus mdels sk Ueha gk
e ChatGPT: Precision #3352 0.111, Recall2
0.226, F1-Score= 0.1409.2, Private LLMoj H]
o Ao 2 e A5 uolth S Quo] X
LRecall)o]d  Z  Ao]E  Holy, A
(Precision) E3st Ut
ROUGE A0 A]+= Private LLM©o] ROUGE Recalloj]
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o we e A 4L Ui sam
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3.3. SAS (Semantic Answer Similarity) comparison
SASE A4 HAES} uAL) QJujgo 2 oj

SARIA] S5t tEZolct FARRl §AFES} 9 Tele

e Private LLM: SAS Cosine H#3%52 0.640, SAS
Euclidean H+4i2 0.0752 LERIT
o ChatGPT: SAS Cosine Hw#4f2 0.616, SAS
Euclidean H+gt2 0.0730.2 LERITE
SAS 7440l 4 Private LLMo] ThA QA8 Ad5&
gloL}, ChatGPTe} 2 jol2 Bolx|: oxirt. = &
25 ojujd Ay ERolN Bl2E A5 Hol
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3.4. Comparison of answer lengths
* Private LLM: 4 &% ZoJ= 100.5252 UEGO.
o, Z|0f 2352X}%ct.
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3.5. Practical Limitations in Clinical Applications
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V. Conclusions
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w5tttk BLEU, ROUGE, SAS(Semantic Answer
Similarity)} 2l A AEE £5] FYH A4
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Table 10. LLM-based Computer Platform Education
Satisfaction Survey Table

Average Score

Category (Out of 5)
1. Was the educational content beneficial? 4.3
2. Did the textbooks and lecture materials 45
help you learn? )
3. Was the training time appropriate? 4.5
4. The training was composed of content
appropriate to the level of participants 4.5
Do you think so?
5. Is the purpose of the training and the 46

curriculum well matched?
6. Was the instructor's method appropriate? 45
7. Does the instructor have specialized 46
skills and knowledge in the field? )
8. Was the place and environment overall
satisfactory?
9. Was the question/answer done properly? 4.6

4.6
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