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Abstract
Lung cancer is a major global public health challenge. Medical Knowledge Graphs (MKG) can provide
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crucial support for intelligent diagnosis and treatment, but existing graphs often face issues such as
single information sources, incomplete coverage, and a lack of real cases. To address these problems,
this study constructs a lung cancer-specific knowledge graph by integrating multi-source heteroge-
neous data, including MIMIC-1V electronic medical records, DrugBank, PubMed, and ICD-10. It inno-
vatively adopts a modular subgraph fusion approach: first constructing three subgraphs for patients,
diseases, and drugs, then fusing them into an overall graph through entity alignment. Experimental
verification shows that: 1) The medical entity recognition model based on fine-tuned BioBERT out-
performs the baseline; 2) The graph embeddings generated using TransE/TransH achieve a hit rate
of 292% for both Top-3 and Top-5 in drug/surgery prediction tasks. This graph provides reliable
knowledge support for clinical decision-making in lung cancer, and its construction framework of-
fers a reusable reference scheme for multi-source medical data fusion and knowledge graph con-
struction.
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Table 1. The number of lung cancer patients by histological type and stage
1 PEBEERARBMOARER

FHIE e N =676
C(;éznjgf)r Male/Female 676
Adenocarcinoma 223
) Squamous Cell Carcinoma 113
(QHH'%Q%) Small Cell Carcinoma 106
The Others 78
Stage | NSCLC 20
Stage |1 NSCLC 32
Stage 1l NSCLC 41
(;MEE) Stage IV NSCLC 166
Limited Stage SCLC 16
Extensive Stage SCLC 30
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&___”/ Who present with dyspnea on exertion and cough R Trans E N Trans H
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Figure 1. Construction flowchart of a lung cancer-specific knowledge graph based on multi-source heterogeneous information
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M JE ) BioBERT AR AR5 2. BUR 2 TV, BRUE. (LB Mt S B2 22 SO A b S B 40
N AT AR IR P S = 22 S A

ETF BioBERT iBRIEFr SR BIRE

BioBERT & F|FH Transformer B4 1) 2 =X M gl 45 [6], 76K E R 238 BHE 34T 7 )
Zk, BAFEMEAAREMSER, KRB R A T % AW 5 B ARE 5 A AR5 2R,
HAERHE IR 5 TR IAAFAER TR : 1) T SUsain s A e, REaRE 2T A R 4k
FE SEAR(UNEH LR R 53 2) 5 2) %o BT B IC S (EHR)REA [ AR P SCAR S 44038 R 1A BR (7]

BioBERT MM SCHF/NEATIR LR, AT FRTEXS H 7E XM SR (R RUR o BRI 78R MIMIC-
IV 115 PR Hidis 128 ) H e i S EA T 4000 1 B L 25 . M Note #58R Discharge 4% BEALAMEX 500 {51 il i 2
HBE IS R R, HFHE T BIOES bri A £ 6 42 RUANRE AR R SR HEAT N AR

E BioBERT L F 4% /2, 2 BRIT SUAIFA X = {x,%,, - X, } i#id BioBERT [fJ Transformer #wf%
A5 AR B R SO I BRBUIRAS by -

H:BiOBERT(X):[hl’hZi"',hn]ERnxh (1)

Hh A h BTHSEEE 2 RER I, Q KV e R™ 70 9 Aif). 8. {EAEFE.
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TERRZE T A AR 75 5 ) S A2 70 A -
P(Y|X =5 0)=TIP(y|h =: 0)y el (3)
I ={B—sym,| —sym, E —sym, B —hist, E — hist, S — hist,O} 4)

PR By 7 SR It RE 0, i e TR BB 2 Fosiiifefi A BioBERT AT UM I

WA &?érznale with a history of
. . , . . i i
Text: {Afemale with a history of NSCLC who is admitted NSCLC who is admitted with

with shortness of breath and some rib pain}
Label: {OO OO O S-hist O O O O B-sym I-sym E-
sym O O B-sym I-sym}

shortness of breath and some rib
pain}

4 N

y
, RUEEREE
EEE . . BioBERT-finetuned
& BioBERT-Base v1.0 (+ PubMed Fine-tuning :>
200K + PMC 270K) RAH)II44XE BioBERT \ l =
RBIEER

( T |

MRS {"entity": "NSCLC", "type": "hist", "start": 5, "end": 6,
BRARFFHKE: 512 tokens "probability": 0.95},
YIZHtE: 16 {"entity": "shortness of breath", "type": "sym", "start": 11, "end": 14
YIZdttR: 50 epochs "probability": 0.85},
B3 1e-5 {"entity": "rib pain", "type": "sym", "start": 16, "end": 18,

"probability": 0.82}

Figure 2. BioBERT fine-tuning flowchart
2. #4V8 BioBERT R#2E

3.2. ETHRRUFERMSHEFMREEME

3.2.1. ETHUMERBNERTEHE

P4, B SIERRI . 230 F ARG SN B = J02H % RAFEAE PE[8] [9], % [&
(pneumonia, disease_to_symptom, cough)iX —Z%niR = u2H, FHZe50 IR AT 15 2 o il 48 B3 1 WRER
HIFA RGNS W #4 “pneumonia” , EJ(ICD10: J18.901) ) i #E R L H Wk AR . PRI, A
FUAE A 3 DA A Hh O B SRR Pt B o = TG 2L P 5% 3R AN P A T B A L8 P P o i 12 o

— 44 B — YRR E U I iR AR B A BT e sk R R 2 AT SR B . R, 2. FARIIE
S o i it AR NBE = 2R 1) EHR 088 o] AR R BRI U5 I id R AR A . AR AR B, =
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P(horty)= Pf(tii|h):W )
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N (h ) FoRieWgs Reb A h Btz 8L N, (hi,r,ti]- ) FoRTEFTA Ui AL IS B 4 51 h 59500 A1
RIMBIT M, FERF r FHIEILRAL

it e £ TR TR A SR P, AN FUE e TE B - B P RN R 06 R =0, DA
Z I IR BR 2R, 75 Bh /s B 22 5 JEA7 1 449 - LA comorbid lung cancer” 6 28 S48 1 {4 Bl PubTator
Central (PTC)AEMEE S SUARIZHE T 3, RGi3RE PubMed SCRRZEIR, 5 150 Fi 4305 500 3 i ZAL i)
WIUETERLPE .

T SCHR R ATE BONRINE, I ERATE B PTC drikgt R4\ MetaMap, KE 4115 UMLS
(AR AE AR A% 55 AT SRTF AT R [ 1ICD-10 ARRY . 56T LA i 6 1Y) w8 SR IDC i 1ICD i (RI{E: L3
BRIR > 15) K6 il 1% 0o 205 AR 718, T i 4n(C34, Comorbidity, ICD_x)i = 4l &4 .

3.2.2. BETHEMURGIBENEE FEWE

AR FUIE T G5 A4 Ak 10 24073 (51 4 28 DL B 3 A PO R 7 B, BB 3 IO NBE id (Hadm_id) “E#4 (Age)
P71 (Gender). APR (All Patient Refined)f o & 35 SEART pi B . APR B8 T B R Ei2 W, 697
PR DL R R RCRE SRR, DR e B M A sk R B

3.2.3. ETHMMERNBINEGYFERE

AT M DrugBank 2% FE PRI 2506 RGP . TEEA Z5WAH EAE R AL
WA ZGWSEAR 2 18], EI0 “Drug-Interaction” 5% & AR%E . AL E SURR RGPk RIIATE N2
FRE & “Drug-Interaction” X R EVER — P EEENEEE, NEENEREY B, AR dt 7
e

3.3. ETHEBNESKESERBNEXTAE

TEN T BB A NS RE FR N TR R Z B TR Sk, TREN Y. Bk, R =285
PHEAT X 55 LA BSOS B A

O SFFRmsLpk, FATEE@ET MIMIC-IV 2502 Wi R ms RIREUE 2 B9 1ICD 4ifid

@ XFT25setk, FRATIMEBD MIMIC-IV prescription.csv 1 2454145 5 i) NDC % 51 4#fi5% 5 DrugBank %k
I R AT A ZR IL R

@ X TRERSLAA, BTG PR BT SCAR A5 [F] — R 0 27 7 sCAN AR ], DRI R AT R FH A SRR AL
5 RAE SR 45 B (0 SR 55 T 1

1) FTE SRR i) St 55 S g

M MIMIC-IV HH5 B R N B 58 B BT i R 1810 S5 S B AR S PR s, FRATTAR I
PRI SCRI SRS R+ 2840, BRIk 2, FRATTHET Levenshtein FH 29 F SR R S 44 8] (AR ABATE:
Y E T MREIR SR 74 H Suv So TU'EATTAARBURE 52 SUA -

4(S,.5,)

similarity (S, =, S,)=1- max (len(S, ), len(S, ) ?

T EMER LA, G — AR R R AN IR SEAR 2 18] AR LURE K T- 855 T 0.85 I,
WAEEATZ BN — 26 TC a3, TR Tel Bl il 8505, K gl s By — MRS ik 7%
Cis R HRPREIR SEAR A Ay [F) — AR HE A AE IR 5244 (Symptom Cluster), FFIK T 48 —HIAR%E SifE iz rIAQ
R, AR RETEAR LR RER AR A O — R A ARE IR AL, AT AE Jim 820 B v i A TR SEAA TR AN 5
RIKI W RE, ST ABLEE RERN T4 R 2.
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Table 2. Similarity-based symptom entity alignment results

2. BT HROENERLEISTER

Symptom-clusters

Difficulty Ambulating Difficulty with Ambulation Difficulty Ambulating
Hypotension Hypotensive Hypotension
Unsteady Unbalanced
Pneumonia Pneumonia Penumaonitis

Lightheadedness Light-Headedness

2) ET RN LIRS K KX TR

SR EE AR AU AT AR 5 2 BRI T SOA I G R SUR L, Sz BT IR SCAR R SUE R .
KAl 5 R et At (BN 2R, mT DONERST SRS TR ST IR BMOR BT JiR, I BT Z @i e . &
BENLILEAEA NI R K], ChatGPT EERST SRR FHAE S h R I R 4o PAIAW SR ChatGPT 4.0
FRA R 3t — 35 RPREAR SEAR BEAT R L (A% 55

N T B R B /MR Tl OB AR e i 2 Y — Bk, BRATRA 1R € s TREER . B
R, FA T EE ChatGPT R HATFR A — UK A B BRME R ARE AT 20 4L, TR I DB vk R
V6o AR PR DU B ML 5 W REURE O 55 R REAS E A TREAT A 00t 5%, BRI R At 1 B 2 T RE R AR — SeA )
ARiEfE GPT id .

B iR SCRR AR Rbs > 7B SR, JF HARERT TSR I T A,
FATRBE T — AR GIVE ARG T4t & R —EE. & 305 ChatGPT 4.0 A AIEIRAE 73 41—

Bl5.
Here is a set of medical terms about symptoms.please group L
them based on whether their meanings are the

same.Separate each group with a {}.

For example:

input: Loss of appetite, Difficulty swallowing, Anorexia,
Hoarseness, Wheezing, Dysphagia

output: {Loss of appetite,Anorexia}, {Difficulty
swallowing,Dysphagia}, {Wheezing}, {Hoarseness}
input:Hemoptysis,Digital clubbing, Coughing up
blood,Difficulty walking,Unsteady gait

output:{Hemoptysis,Coughing up blood},{Digital clubbing},
{Difficulty walking,Unsteady gait}

Figure 3. Fine-grained symptom entity alignment using ChatGPT 4.0
3. M ChatGPT 4.0 1T 2RI REAR SEMAR T 57

I REIR LA FE VA4, FRATEE 1 — AR e S FHOCRE IR AT R 5 i, ORAIE 1 Hodfa i — 3%
PEIFH A= 5 AR 1 B T b
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4. SRR E S
4.1 KRBTSR SLHERRE

411 WEERIRERR

FT MIMIC-IV #5455 Note BBt 600 i &2 Bt id 5% (154,080 tokens), KA “ATFF +
GPT %" MR & FRvESRIS, 7E Label Studio “F 5 - f# F BIOES & R&ARyEAER 5 H AR 5k . 500 2%
103 T BioBERT 24, 100 Z&XUE bR IC KM BPPAESE, I TREFX H NER BIRIMERE, ZIfIK
[ 2 A A7 Y % (Kappa = 0.93) B bRyt il g k.

4.1.2. BYSFATNSLIE IR 5 K
BT R I L B MR N, KA = n R R R I EIE R E R A GREE . BRIE
SRR . SIS FERI VISR . MR DL S0 IF SE bRy -
1) X TARATLE R h Al v, A ) S B4 R AR I SR B o 2 B4 i 3 5
2) SRS HIREE RS U SR AR DSEER . 259 TR R = e dE NS SRR A bl k) o 70 I 2R 4R
3) Br TSRS = I04] T0%E R IIZREE, 10%(FAKIESE, 20%E Alil4E.
42. TWSHGE
4.2.1. 48 BioBERT LGS ¥IGE
A 5T 1% BioBERT-Base v1.0 fRAN S 4L, H W4k R Gz 12 |2, )2 768 4, 12 MEE 1k
., 2110 M 3. RA T ZR S H0 SR8 52 B 45 9 S 4E R F R} BooksCorpus 1 PubMed #4224
W, BB B G b B R 2 SR

422, MREEHRA SN S BIEE

AT TransE A1 TransH Sy A A SR BRE IR AN R s . BESHORE IR HNGERE %
N 50, 2SI 0.001, YIZREEEURE N 20 Ik, HLEA/NE N 256, UALTHESCER SilgFae it
BORE A B SR P BB AL RS e [F) 2 R sk w3 R SR () 5 3R, B o B ZR ok 44 50 &R TR 9 R
5. LRSS
5.1. kLR
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Figure 4. Distribution diagram of entities and relationship types in the lung cancer knowledge graph
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BATAFIR B Seth . SR R KA STt 0, Wil 4 fos . BT iR 22 5niR
W HAMUE SRS AR, 2SR ILSE AR, AN N 4 A SR AR B IR K2 T R %
HASR ARy SR SEAA,  [RIN S T SRR R AR T BT RR B AN S8 PEREAT AL, A R 9 1 R B &=
Akl R AN R IR AL BE T -

5.2. MIRFRKE AL

AH R AR RN T, 1 R A o e 2 s (I 4 s s Al v, {38 R SRV R 8 TR
HAZ A0 BRI B 145 B [10]. R T EE B A R B AR R R J i (TransE A1 TransH) LA sAH] 58
JIT RS (1) il 2 27 i B B RN o

KHH t-SNE F&4E7775, KRG 768 4k f PR R 4P . AR, Wl 5 FR. TATER
NBEAT AT RAG A T RE S R I R I SRR A, X 3 B L RN R 8 00 S22 e S A D i) 2 ) o ) B B 2
S, XM AT S PR R AR T TR SOR R G, TS RO S SRR R R R TN ST
PRt T BRI ES AR .

1.0

r 0.8

0.6

r0.4

0.2

0.0

T T T T
=75 -5.0 =25 0.0 25 5.0 7.5 10.0

Figure 5. Embedding representation utilizing TransE (left) and TransH (right)
5. F A TransE (Z)#0 TransH (B)HANR T AL

5.3. EEETSEERA AT ELSLE 5 04

Table 3. Model’s named entity recognition results
3. BB G BIMIRFER

Categories Symptom Caterories Histology
iy
Precision Recall F1-score Precision Recall F1-score
%A )5 BioBERT 86.7 84.5 85.5 74.6 76.4 75.6
K4 BioBERT 79.3 75.9 79.6 61.1 67.2 63.9
Bilstm-CFR 64.6 65.2 64.89 54.2 56.8 55.5
GraphRAG 82 87.5 84.6 45 65.8 53.3
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AR SEESFETHRVE R 100 25 BRIT I, RGUA EE T A S (1) BioBERT #5244 AR BioBERT %Y,
BIiLSTM-CRF Fll GraphRAG 5 78 75 AR R £4H i 2H 2R 98 7Y s AR AT 45 A (1 1k Re e TR, SRR &5 3 L3 3.
WO JE 1Y) BioBERT JRILH 0%, TERERIARMRA R . A2 Fl-score 7 lliA %] 86.7%-
84.5%7#1 85.5%, FILH RAFHTRAIGEE ST . 45 SR W] E A SR SR BE AT 803 N\ it e e s En iR, I H
RE S8 0T FEL 95 [ SCAS TR L i 71 AT 184 588 2 27 iy 44 SR TR R T o

[ S 0T b B 5 A5 B RE R SEEAA (1) R 8 A 380 1 T s A0 B A 2R T Sk o X 3R MRS AR 7 R R L0
ELAEX AT PR RE R SE AR I SR B B s A HE R A A [BDBE 70, B TR A A SR R SRR IR K . SRR Ty
AN E « SR 3B 52 A P A v A5 i DR 3 S0 A A Y A i 240 A 2H 23 S8 R S AR (R TR0 1k RE A R4,
BT T 25 DA R A o 2 v 5 9 20 Bl 2E 2R 2K 20 ST AR DG b i 5 A B, 3 8U1E BRI B ok,
HBE— D BRAR TR AR, AR RO S SR AR 2 . REAEEEBEZE R, YR 5 1 BioBERT
BRI GE e e i, N TIRIESS, FH 25 A nT AR ok g e 2 R vl 1) vl S 250

5.4. AR ERAREEN AR S o4

AW FLFIH TransE A BCSEARFIC RN &, A5 H XN A ERMA—ME =D EERER
28 0 28 B R AT U S TEMRIN B, S AN b g e B kR E L KRR (KRN
DRUG_TREATMENT), X5 IR AR s AT 2991 E ik 25451 35 o 185 v SN Bk 2459 SEAA (1)
MEZE, EBUBEZEHT 5 MRS, 5 SEhr AT b, THER RPN R AR o

TEFARIMATS o, JHES YT ARL . FA T A [F 1) TransE e ASEEL AR s SEAARIOG R IR
M, SRERIAE NS IAT ISR ENRI B, SN R I Sk ST ) S AR B 1 F AR K R A & (0%
%y PROCEDURE_TREATMENT), JfMMRAR I FARVE Jofiit T RFIE . M Sk SRR G R
RN AR, THRSMEETFAROMR, LML 5 MERERENTAR, 50K ENTFRIEIT
o, PRANBALAIRCR . 25 B T AR T P4l 45 S LI 6.

20 B F AR AL 45 R

1

0.

0.

d B BN

0.2 | |
MRR

Hit@3 Hit@5 Accuracy
w2 W AT

oo

N
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(e

Figure 6. Experimental results of prediction using TransE embeddings
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