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Abstract

Nowadays, with the rapid development of artificial intelligence technology, medical question answering
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system has become an important tool for medical information retrieval and knowledge acquisition.
The medical field involves a large number of medical terms, complicated disease symptoms and treat-
ment plans, and traditional inquiry methods are difficult to meet the information needs of medical
staff and patients efficiently and accurately. Compared with traditional domestic search engines and
native open source large language model (LLMs), LangChain-based large model medical question an-
swering system can provide higher quality answers, significantly improving the efficiency and accu-
racy of medical knowledge retrieval. Therefore, this study proposed a medical intelligent question
and answer system based on LangChain and large model, combined with named entity recognition
(NER), graph query and dialogue analysis and other technologies, to build a knowledge graph and
query and generation module focusing on the medical field. By designing and optimizing Prompt words,
Agent Tool improves the ability of large models to generate more accurate and high-quality medical
questions and answers. The results show that the system performs well in medical question answer-
ing tasks, with significant improvements in accuracy, feasibility, and context relevance are signifi-
cantly better than traditional LLMs and well-known domestic large models. Through the combination
of large-scale medical knowledge graph, the system can deeply understand complex medical ques-
tions, provide accurate answers, present a visual map display graph, and give users more intuitive
feedback, while having high data security and portability.
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TR 45 BT IR S5 /K PR 8 T — AN T LangChain A1 ChatGLM (#0445 1125 R 48, ARSE B W os E BT
SIEI. FES . T #5755 SR I ORI SERKF . Z346[2]% 017 7 2T LangChain HE4E
G2 A RIE T HANLLMS) M % RS, B 15N S8 KI5 5 AUELE M1 SR8 S 0 18 Gk R % . T8
TN A SRS AR I P 2 AT 1) 2 4 ) R R R T 5 . SR [3]SE R TR BRI s A U(RAG) B AR, JF
JEF LangChain 454 KiB SR & TIRFE M RGE, 7R T4 Al % RGO I RRE 24
PSRRI 52 . BRIBK[4]5532 FH LangChain X AN SCARBEAT R R T /0B, THE ) R 9] 1) B 5 & A
G BRSO ) B RAEABLRE S 28 BIARABLRE e (1 43 BRSO A o) R A AT B2 R 535, 0 R 5 B
T AR [ 0 B AN 1 1) RS B e . A Vidivelli S [5]253545 4 LoRA Al QLORA SRm& % A4 pli X
W%, B BIRE AT, TR PR R AR, REMSHERG AT SO AL EE B P [ . Jeong J [6]
ST R LangChain Bt BRI REE LLM, JEZRH TS0 SCH B R E /1. s RE,
LangChain AJ AP b S 250 55, AL oA SRR 1) 5t T. &« Chan M M [7]%6F]H LangChain 5
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DOI: 10.12677/csa.2025.152031 34 T LR 58


https://doi.org/10.12677/csa.2025.152031
http://creativecommons.org/licenses/by/4.0/

B3 5

WIRALES N, BEBSFRAL B o3 /E L . Haurum R K [9]%%# F] LangChain 1 Pinecone J1 & 1 —4
JOEFPFEZE R G e AR, B, 55 AR ChatGPT 4 2534t LLM AL, AREERILH H
PERE. MSV J [10]1£ /] Python /% Langchain 47 =4 SCA M EEAE EAEZR, € X QAChain 2T i) & A7
F72 383 Google PaLM 2 RISk [ 5 AH ¢ ol . BFF0 45 B W], RS BRI R M2 RS 1 HER It
AR5 B A B0 % . Machlis S [L1]H] ] reticulate R f7E RStudio A1 Python Z [AJESI 42, 4 1
HHE a3 5 5 b 8 S .

T AR B A OGS, AR IR, T B2 AU AIR AR ZR LangChain 5 KA ARLE S fr
N FEERIT AR, S TEEEIRE. TIIaCRE Sy M, LR T B LA 20 2
AN P RS ERIR IR IT (5 B oR, Bk, ASCHEH T —FEE T LangChain 5 KRR BE T ¥ AE
% RS, WG ek BARNE S A ER S B w UHERRRE 5%, BE NS SN BRI A0 B A% In) R IR
FERRAR ARG UE RIS, HEBIERIT M2 RGE M RCR . ORI 7 T N

2. LangChain 122 R HEBRES L EPRIMA
2.1. LangChain #EZ2 &7\

LangChain /& —/NMJFURHEZL, B 78 @4 KBS 5 B8 (LLM) 3K 2 B K ol s b it
LangChain £2 1% 1 2 /MO AL, T8 K PR R @I RHLEE N, 1% R G055 B ARG S LB (NLP) R A

LangChain 2244 t DL SR EL2H Bk«

Models (7). #2355 LLM 58 H, LRFZ FIE S BRI A4 R

Prompts (f&7~inl): $#RHERIEMBAR THE, HTAERSFERA, AR N EER .

Memory (I212): AT G N30, SCRERE IR 2, $RA X ih— k.

Chains (BLRUEE): RVPRF 2 MERBODIREERLER, PATR TSR,

Agents (fC3): ZhA A TRBMA, 2548 %RIET B LLM 18

LangChain 7£ NLP 4z it 3 FH 6145«

WRALAE N RS AR R A AL £ bR SRR 16 R L.

W& RS EHERBRBEIEMANT, HAEBRREESE SR,

XFE AT AP A R A3 BT K Bk [R] 5o 138 PR ORI P =

LangChain HEZL A SCA b FRAN ST AT S5 3R 4 T i s8R vk 75 58 - B A 1 5 IS 2B ¥ AN I &% J2 . LangChaiin
Wt B HES) NLP BR 2% J 5 5 ] .

2.2. LangChain #E327E 0 & R G h R R

LangChain $24t 1 £ & I DD REREHOR ST RF 2 B F 2RI 5 A0 B 57 X T35, HobIREE IS
A PEFFHEF SO ) B, SRR RENS i RO A T SO Rl 2 /5K o L TXT STAFEN B, IngocA
JE AR BB FREAT 73 #], K0 Fa BISOR AL, AR R RS b, H7 32 ) Ja S0 e et
TR, RGS R R R AT AR AR DL RSB, R DL RC B AR B SCAE R
WG HE I AR RIS, AR A R R R SN VLB TSR], Dy 1 ORI R
WISCAAL LR, D TEROT . ARV RS TR 2 B ] FAISS 51 U5k, FAISS il A B4R R
R AL B, B MR SRS A R = [12], A () s

d(P,Q)=y(P.~0) +(p—0) ++(p, — )’ (1)
Hort, p il g A BIZ R p FIq ZE5S | ANAERE B IS bR .
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Figure 1. LangChain framework question answering system schematic diagram
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Figure 2. Medical question answering model system structure diagram based on LangChain and large
model
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3.1. B ERSMREEE

Bl . AT ST BT A BT B0 R BRI T < FER 27 R NRAEREN 7 o IXFANF G 34t
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JRME R HEZE Scrapy BEATHHEKAE . I AR 5523 0C B Scrapy HEZEI & It (Spider), BAAf H Fx Mk A
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Neodj HrscBln iR EIE rT AL, BRSBTS HAER . ¥ 97 77 SR RAESEE B Rk [14], AP
RS . Wil 3 fros:

<elementld > 4: 6263c6b2-Ocac-4e33-a0f6- ©
011219043950: 11000

<@L 11000
FE

cost_ money {RIETEER, ST
B, H=HERS (5000—

Figure 3. Knowledge graph diagram
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suffix = Begin!

prefix

History: {chat_history}
Question: {input}
Thought:{agent_scratchpad}"""

agent_prompt = ZeroShotAgent.create_prompt(

tools=tools,

prefix=prefix,

suffix=suffix,

input_variables=['input', 'agent_scratchpad', 'chat_history"']
)
11lm_chain = LLMChain(llm=get_l1lm_model(), prompt=agent_prompt)
agent = ZeroShotAgent(1llm_chain=11m_chain)

memory = ConversationBufferMemory(memory_key='chat_history')
agent_chain = AgentExecutor.from_agent_and_tools(

agent = agent,

tools = tools,

memory = memory,

verbose = os.getenv('VERBOSE')
)

return agent_chain.run({'input': query})

Figure 4. Defining Agent graph
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Figure 5. Medical Q & A logic graph
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# agent.py
def graph_func(self, query):
# A SR Al
response_schemas = [
ResponseSchema(type='1list', name='disease', description='#Ji#&fREik"),
ResponseSchema(type="1list', name='symptom', description='#JFAEtRa4E"),
ResponseSchema(type="1list', name='drug', description='#j &ML {k"),

]

output_parser = StructuredOutputParser(response_schemas=response_schemas)
format_instructions = structured_output_parser(response_schemas)

ner_prompt = PromptTemplate(
template = NER_PROMPT_TPL,
partial_variables = {'format_instructions': format_instructions},
input_variables = ['query']

)

ner_chain = LLMChain(
1lm = get_11lm_model(),
prompt = ner_prompt,
verbose = os.getenv('VERBOSE')

)

result = ner_chain.run({
'query': query

)

ner_result = output_parser.parse(result)

print(agent.graph_func( /&5 —H2 4518172 )
print(agent.graph_func(' &S Mzt 4 250752 TTLARZRI PGS ? 1))

Figure 6. Named entity identification graph
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il
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FHRHIAERL, 31 R B LG R IR I ARE I I W LA Sk

CQL AT HLREL: FJa, RAPITHINA CQL &, [H Neodj i e AL H K . il & AA 1
N ETFIAE IR B KA, DR R B 5 [17]
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IRUF . BRI, FEA KA [ 5 (e 0 R85 I B, B0 S AR e P R ¥ . IRIE,  $Romid] i it
e BRI PEAE, DARA DR AR BRI 2 8 BEHERA AP & N SCER SR . xR A, AT DAA OR AR AL AR AR B H
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4. XMW SERSR
41. KR BESHIESE

53 M AE S 30 ANB UL B8 7 THI In) i, Gy 2 0 g THD 10 A0, 3 S P o 7 T I, MO 1 0 O T
)R BT A R B A, R 1 O (8 5 R AR I R 2R A SR L s (R TSI RN YR T 5 7 THI A4 1D [R1 2
I 20 AT ERABAT VRN . BERERIET < FERMZGM 7 A N RA R A 1 BT AR e .
4.2. VHfriERR

M HERE, | RSO BPE, 7 AR SAMEE T 4y FTAMRIEI R B HERYE: 0.8~1 (%l
9R): BRI, FETRUEEZMIN, WP FRACHE S, LERER S . 0.6~0.8 (GH8H): &
RRARIEM, HELZ Mol RBNEIEW . 0.6 L FAER): BERATHEESMIRE R, BE™
HARREA RS

FRSCOETIE: 0.8~1 (B kgR): RS AERRILAR N A 5, RIZREHEAUE, ESRR NI R SOREE
B, S RIAN. 0.6~0.8 (A HEL): FEARFTE LN BH, (HAF{ERMOE Bk ER B A 55 1 1] 8.
0.6 LA F(AAHE): IS s 5, BB TR ELE DA AR .

HEAEHM: 0.8~1 (Flkgk): @R TEFME, Fl¥al, B MEIet v, HASEhrseiii
fH. 0.6~0.8 (Ai&Zk): EWFEAFH, EMEMEEALRBARR D HZETZEHME. 0.6 LLFAEH):
BRI HESEIRMR,

IYBORS B INEUAR — B, AN 2 4B AR

W7 RBEAE Tl , NAFA bR ERlE, WAL VPor R R 3G 5 1 45 RS FE[19]

4.3. SLIGEER
AW F K A ChatGPT-3.5-turbo /E LLM #HY, $E45 RAnZE 1 iR

Table 1. Evaluation results table

=1L OISR R

R I 2 A ERSGEDE g Seeiitid
MyAgent (ChatGPT-3.5-turbo) 103.5 105 108.1
L—F 35 80.75 79.8 84.9
ChatGPT-4 94.5 95.4 97.1

4.4. RBIGH

AR A RIS T LM R R [R5 70 B, MyAgent. 30— 5 Al ChatGPT-4 7EHERA 1
R SCE TR AT T RIS R, AR 2 B
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Table 2. Case analysis table
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MyAgent
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iy Z . OfE. IR PRF). ACE S B 2 AR R 2
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MyAgent 7E/HERVE EIRAE 7 2H HIRME R, FEARE T OULREE X W IR R AG YT T3,
JEHRRITIE b, S HE T AR SN EE ER, ST MEEREBG Bk 1O R AT, £

ERSCGETEITI, MyAgent [MIZRARTEMT, WARHRER, B TE

W kR, Al A S B
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5. &

FT LangChain 5 KR BT [l 2 R 400 B A0 i N TR0 Re B FH AR AL T QT PEAR UL T 2. TEA
WHoi, 454 LangChain HEZLE KRBTSR IE SR, M T —Mma. BReMET & RS, BER
HRF G WAL, FEHEBIER ST IR S5 1R ReAL AR .

WEFEFRET, T MR BT o) 25 2R SEfE dEma PR AN ) P 406 7 T B &40 % . i3t LangChain 1)
Agent Tool. HEE5HF Prompt Wit, RAREW SMEGESAN, SRSl EA R, 2
ERI T RE R, FE, SRERE TR AR E AR R B, AR T 5 T
RIS

UbAh, A FUIGAIE T AR VR S AR, IR AEER AU, SRR AW ER . Kk, B
FHHIERY R EBEBMACTIRN, BT ERGA ERREMERE, et AR R TR PR
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