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Abstract: Background Electronic Medical Records (EMRs) play a pivotal role in training large-scale language models (LLMs)
within the medical domain. Objective To explore the value of electronic medical record data by studying a three-stage training
paradigm based on a general large language model. Methods Firstly, in the continued training phase, extensive EMR texts were
employed to further train the pre-existing general model, thereby enhancing its medical-specific linguistic knowledge. Secondly,
during the supervised fine-tuning phase, annotated EMR data were utilized to modify the model for specific clinical tasks such as
medical named entity recognition and clinical trial screening, enabling the model to acquire specialized task-oriented skills. Finally,
in the reinforcement learning phase, feedback from doctors was integrated to optimize the model's outputs, improving the accuracy
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and interpretability of decision-making. Results Experimental results demonstrated that the model's performance in clinical tasks
was significantly enhanced, the occurrence of hallucinations was mitigated, and the reliability of its outputs was improved.
Conclusion This study provides an effective approach for constructing standardized and trustworthy medical LLMs, offering

substantial practical application value.

Keywords: large language models; medical artificial intelligence; continue training; supervised instruction tuning;

reinforcement learning

Cited as: Wang B, Yu ZHH, Zhang JY, et al. A paradigm for constructing medical large language models based on electronic
health record data and knowledge enhancement[J ]. Acad J Chin PLA Med Sch, 2025, 46(1): 96-103.

KL AL 1B 5 KL A (large language models,
LLMs) & i1 4% % A 2R i 5 Ab B (natural language
processing, NLP)SIH I KM . AT IR
BERTWAEE G Wl 25 S AR, LLMs 3l 78 /742
PO it SR TR TP BT OISR, IAR T B
AYTE = RN IR HERLRE ), L T BN A/
FEARSE ] T BFREAZALRE ), JoFT RiEniiE 4L
i BT PsE B R TS5 o A, LLMs ik =245
KRBT A RRE T, AR 25 78 1Y BT SO s
DLW . WA B CAR . ChatGPT, PaLM,
LLaMA %03 LLMs 9 i 8, #rii% NLP IEAE
M REEARS T Fem il TRRE”

LLMs BEST AITEA TG 1. BRI
AIURN I FH e BE AR AR S5 # AL SOAR B, n
J JJi (electronic medical records, EMRs), P&~ Ciik
& ABGERYBEST ALJT BEXE LA 3 5342 43X 26 SCAR %L
AU 1 LLMs 1546 181 A B i SCAR B
SRy B Y AR 8 TR 7R AN BN FH T RE TR R IR
o —J7TH, LLMs AJ i 78 RS B~ SOk i
AT RSN S, 2 ) B A AR Y Ll 3R
RS SRR, WA ESHIRE; W
YIZREF Y B 7 LLMs ] 4 B B I T i i . 24
WiHetE . o . BEBVRESE . ) — O,
LLMs if 7] )i Fl 7 EMRs () [ sh 4k 4 B . J5 46
EMRs il A O — . BREZ . MR, 4)54%E
Gl R RIE . LLMs AlRrAEZ5 4611 EMRs %% 4k
REHAERER, RBGEER TR, L. K
W IRYTEOCHME R, NS F . 254
AN S 2 IR 3 VAR I = S T & 5 R ) BT '
RRW, TR R 2 AR S T, BT
LLMs A 7EZ AT 55 1A 35 2 B A S BRI 7K
o AR ST A BAAR Y MedPaLMP AR Y 7E
PubMed SCik E#EATHOIZR)E , 7B M2 . mIR
R SRSy BRI, WK LN
PMC-LLaMA P54 ] F PubMed Central(PMC)4:
SCEE AT ISR, TEBRYT A 44 SEAR IR L O AR
AT S5 FIUS TR RICR

RAEESY LLMs B T b, S ET Y
S LLMs AT IRiE 2% . 1 oE, RS
HEFEEW RS SCARER AN &, A LLMs i
FH BB T R 55 Y R 25 SR, SE AL Y
AT EN, RSO KRR RN Y
Mp AR TR AR Rk, HARAEZ U
R SCHR I, T A TR B A AR X
HWk, BA BRI B 22 08 0 I i = 1 1
Yokt MELUR RS B2 97 Lol FnR i &2 2
AR ERIE o R e TR JH VS J 227 R 58 XY
I R e 2 [ R, A ) 4 3L R T R R SR M 1
T, e, BEE R AIR A PGE R, B
RURRFER IR R R i, SRy Tl
WK1, ARG SR I, R I RN
B2 VERATEEE o eAh, B 250000 ) B R
UL BRI T 8 i = i ], 2D
TR R A AL A MERE

SR EARBRER, A SO T ORTE R,
P T M Ak e gy . A B oM RS Ak s
M= B, JfiE— P E T ETRE
SR AR R , LR IR TR i R I
IR A HERERE ) . SEIREE IR, AT IAE
C-EVAL Fl CMMLU M 4 v SCPEIN o b iy B
SOk ) R R R R, ek T AR

1 EfrdisEmiEsRBEmET R

RS X BT R IH 75 AR B AR I N8 A
PRAEBERE N T A R PR, B T — M T L T
D5l AR U S A BRI A D7 . TR 1 BT
1207 AL S YN ZRRIAE B A0 30T o AR YITZR3R
BT 4 2 R E= i 1 = | 7Y 2 SO 1 DO
I HERI PR A O L e RS~ AIE R 3 A BBt o
HARM S, 1 Se il ad B2~ SCHRRT 70 D 5 B9
ARSI b USRS R, SR 5 A AR T B
PEATAT B 4 A TR LUAR UK € i PRATE 55 BE T
B HE TR R s AL A 2] R THEL R R SHOK -
TEAEPRIRT , BT 1 TR R A9 HR R SR B



98 filp TR A P 2 B AR

Acad J Chin PLA Med Sch  Jan 2025, 46 (1)

https://xuebao.301hospital.com.cn

T o SIS FH AR B 2 S 2 Ay A5 0 A P AR {3t B
BN FE . XA ESYIZR 5 oh 7 HI G 50 A1 25
G eI, BEWE - BAREE e
FIAT SR I PRO SR 58 S B B 7 KB H AL, T30k
PRI G4 M B RN SR BE s AL 1Y B
1.1 EFEEX

7 WO 21l 5 R M, BE YT SCAR TR RE4E
B 97 48 A BWE R Dy =
{ (qi,ai) Y, AR I RS A B 4R Dy = { (cj,rj,Sj) Yo
o, g o B2 SCHR A DT S S0, (ginai)
NFEA TN EBRIARIXE, (cjarys; ) 43RG RS
EHY I R F1 L R4
1.2 EF4REE)I 2R g &1 iR 3R BY

WA T — A KB B2 7 SCAS 1 )2
FHF AR AR S o 108 Rk 2 (A A4 i aod AR A 15 4
P RAE TN R GAL AL BRI A S IR . B R
BB, AT A EIE TP s (H%&
B Eob 5 B A R () BE A RIE SO 2 i
SCHK s QORREIL 2R s (4)H T i B 2
Horbr, H 0 DB 2k [ MIMIC-TTE AE W 4
BE RN 20 AR BRAG BE B R Gl sk . MR
TE R R, ASCT T — B2 B
(A ESCHE TOUA PEAEBE 2 HE 20 1 Sl ok SO i g 4
DABRAE B E AR C N2, SR 3T R0 % 5 K7
BIOF B BRBEME S o RS, I B 2 SO Ay 1 A
RUSEAT T Y o0 AN Ar b e, %S U 7 s 22 40U,
Wk BT TR A

Dme(l = { X15X24eeesXn }9

TE UL AL Al B, FR AT T UMLS (Unified
Medical Language System) ¥4 | & 2= SEAR AR HE 1L
B, AR R AR TE Y B2 2 5 — ) 45
WEARTBIRR . ZJa, A0S A5 40 ol 451
e, M T 7 8.744 Token [ BT SCAS T K}
o S8t th, iR EE S T I A
AW Bk A i 65 45 46 (R A R R A iR A 7 4k 22 )|
o MTHATFI] x = (x1,00,.007), BEALGHE T K
175 R G R R AL S

Duet| 1

|
L,=- 2 ZIOgP(in)lx@; 0)

1=1t=1

Horp o BRI SHL, xR E L Z AT ITA
HIT,
1.3 BUREBETIELSHIAE

RS T — A ZAT 55 T 10 B BT 48 4 E s
. BF4EBOTE: (DIER-2EEdREE, %
BRI IR IR A, MRS W g —AE R
HArmN; 2ZWi-iar B, LIz gs R i
A, XRRIT TR MmN 5 B)BlS T ie B4
N BERIE R, e S 2 W B S AT fig
JAIN B R GEME BT (4B BT e SR gk, %
Ff IR EE IR SE PR TAEFE 4, R H Self-Instruct 77 %
A TEARY .

FREA TS ARk, FXTRFAE ST T
FE R AR . IFEREIR-IZWHESSh, SRA AR
i LN IEAR AT IZ B [REARA IR AUbsR iR
ks FERLSTHeAR S, [ X LT e
ITEESNZ W oM DTERIR]” B A . [l

e R RSSO, BT AR, RS A ] R R ARG T T B
HATHIIZ LT3 91k 211 % SRR TR, TR BB AL S, XE5F
A AR, HEBESFARR, (AAREA BT DI HIN, LA, TR
L SLhAE T ZRERHTAE ) )2 B P A fi A5 B
IEIED Cd UEaEm oCooo
BESCER P A W BT e i = s e
il 2 — e A — [ _][_|_ Ak 5 — EEEEE
i BEREE BEDEE
_______ 5 _—— R
f 1 f : r O |
! Pubh,]ed NN A LB
I — 1 ARl
I oerrsol e b I I HE) 25
o ) \ = = \ o=
SR Ll AEERY N TR
RLEY Al FREZANIR WU S BRI S

E1 ErougEaiEssEsaEnE

Fig.1 Construction of medical language models
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Tab.3 Comparison between EMR LLMs and general domain LLMs
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Tab.4 Comparison of EMR LLMs and large models in the medical field (trained without medical record data)
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