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Abstract The National Health Planning Commission requires medical institutions to use the ICD
(international classification of diseases) codes. However, due to the large amount of common terms in
clinical disease descriptions, the direct matching rate between clinical diagnostic names in electronic
medical records and ICD codes is low. Based on the real diagnostic data on the regional healthcare
platform, this paper constructs a disease terminology graph fusing common terms. Specifically, this
paper proposes a relationship recognition algorithm based on data enhancement which combines the
rule algorithm based on the disease components and the pre-training BERT (bidirectional encoder
representation from transformers) model. The proposed algorithm identifies synonymy and hypernymy
between over 50 000 common terms and diseases in ICD10(international classification of diseases 10th
revision, Chinese version), then further fuses the hierarchical structure of ICDI11 (international
classification of diseases 11th revision, Chinese version). Moreover, this paper also proposes a task
allocation algorithm based on the disease-department association graph to perform manual verification.
Finally, a large-scale disease terminology graph including 1460 synonyms and 46 508 hypernymy can
be formed by 94 478 disease entities. The evaluation experiments show that the coverage of clinical
diagnostic data based on disease terminology graph is 75.31% higher than direct mapping based on
ICD10. In addition, compared with manual coding by doctors, the automatic coding using disease

terminology graph can shorten 59.75% of the encoding time, and the accuracy rate is 85 %.

Key words common terms; disease terminology graph; ICD(international classification of diseases) ;

relationship recognition; verification
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JE TR M AR AR R LI B R R Rl b L3R T R T 43838 7% 49 BERT (bidirectional encoder representation
from transformers) E F42 % 225 k. % 5 7 % A4 % A & f2 ICD10 (international classification
of diseases 10th revision,Chinese version) ¥ #J R B #HATR L X £ L Tl X 225, %t —F &b 7T
ICD11 (international classification of diseases 11th revision,Chinese version) # & X 4 #), 3t 91,842 &
TATABRHFTARBEGES RS FARFTALRE, KL 94478 MERBERH AT €4 1460
FR LK & 46508 L TALk 269 KA KRR AREBR K FE LA, LA TRBRERE, ATERS
Wi RV 09 B A R LR T ICDI0 09 Aank A0 B & 42407 75.31 %, A5 A AR B AREBRE A3
BAT S Dk RA T B AN T AL U542 29 59.75 00 &9 % A B 1) , HLGE # A 3% 3] 85 %0,

KR
REZESES TP391

Wit 12 7 400 A5 S Ak R B B AN T B T SR [
FHEIT ORI © 2 8 37 e — R BE ARG R,
i PR B2 97 R 18 % (systematized nomenclature of
medicine-clinical terms, SNOMED-CT)® ., —{& {k
E4# 15 & 4 Cunified medical language system,
UMLS)?® | ICD-10 (international classification of dis-
eases 10th revision)® ,ICD-11 (international classifica-
tion of diseases 11th revision)® 4, Hodr, it A &
] [ o0 1A R 2 D s W R 4% BRI T HILA AE
WS AE th g — {8 H] ICD-10 b SCRR (R #% ICD10)
X R e FE T B2 Y IR 55 MRS AL bn A 4 B

SR ICD10 78 52 bR T i AR K80 i) L BE 6% A
F ST WS B9 HE IS JE 20 Y0, H BT 2 LR
— I A PR A IR 8 22 RE R PR B R R i
PRAZ K b i 4 FH i BLAE 1CD10 mp I R s %00 %
T WA PR B YL 1 [ SCAR) L JF & A ICD10 X
f 4 A% Sl N39.0. 5 —, 5 5 T 1 1 kL B 4. 491
R AR IR ARk A2 7 FE ICD10 ho ik 4k 3
Z DEC i [) SCi] o A B H 3 & 1Y b A 18] IR Bl
R AE TCD10 H X Rz (9 2 % 2 E14.900. 4 itk P
ICDI10 by e o 14 1 — Al & T 10 9 0 AR 1 ]
T BB A AR A R R R 47 Rl Eil A ICD10, /] LA
BRGESLR A RS 1CD10 1Y M5 ¢ 5 6 7 i =
A A R 44 FREUE AL & 4T ICD A 3l g i%. 4R T
TS 0 Rl B /5 28 R B B 27 MR TN T T e S
FERSFE Ty, HLAF 9 2 WS i 3 LU AR, 55 41, ICD10
Mo BAR RAELE: TG 5 R XS5 . o 7% JF
AN T 50 B8 5 A 4k

BEXT b In) R0 M AR SCHR T — bl R
FH R B KA AR T8 3 4 1 7 28 B AR U, AR

D http://www.snomed.org/snomed-ct/

@ https://icd.who.int/browse10/2016/en

FREEBRAERE BRERE; X R RN ;R

SCHfE e b 9 T DS B T A BT 5 CHLAL S T 38
X PR BER IR R I2 7 5 B 5950 Bl b iy
W RS ICD10 SEAT Rl& . e ah . Sy J7 8 BE AR
AR ICD10 2 R 5 ICD-11 H SCRR Cfif K
ICD1D) i )22 S5 M AT 9E — 2D Rl T8 iR & %
T RS AR B A T B STk A 3 4
75 18 ;

1) 3 AR o 38 i A8 2 AL 5 N TR A0
S5 GRS A T T AR IR A3 o ) P R T
A FSL 0 14 R D 8 v ) R ) Y ) SCOG AR L T F
38 1 3 F 5 PR 1 58 19 BERT (bidirectional encoder
representation from transformers) b fi 3¢ £& i1 5
BRI P A Y B A G &R L A ICD & &
AR B RR A 0 BRI 2R A B T L R o0 2H A 5 e A
P A SR BT T 5E T ) 3 SC I I8 3 194 55 2»
B 75 2 o D7 AR R N 5% R I8 7 5080 HE AT A 0 L DA DR IR
PR IR 7 SR 5 2R B ME A 2

2) T[] i R 32 W B A A T RS O R
RIS o A8 P 3 (&1 3% BT DL SRR B2 7 R i )
f BT 2 5 FR AR SO R R R S bR R T Rl
TR AR 1460 A LK FR 46508 & BT
KA.

3) AR SO R AR TR B TE 4R A B
A 25 118 [ I SHfe o5t I PR A6l P 19 7 68 2 . A SC DA i £
B % O B A0 R G 5 E B 2R 3 T R R T
PSR AT T VFAG S ) A SO A 1Y 952 5 AR 1 11 35 A
T ICD10 1A R e - 2 £ 41 3 75.312 1 1w IR
W WTEE , IF ELA TS0 R o 135 4 B 4 55 AH 1T
N TG, RERE 490 29 59.75 % (9 i ], FLIE B 3R 3k
) 85%.

@ https://www.nlm.nih.gov.research.umls

@ https://icd.who.int/browsell/l-m/en
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1 #HxIME

B A0 6 F AR IE R R A 5 11 A AR & A
FEMET RENAEMETTREER BT
UMLS™ ,SNOMED-CT @ HI KRG . B F
T8 171 25 ) B9 i 44 % 88 RxNorm® | &1 % #6556 74 4 15
F8. LOINCY R |32 i ) [ B 9 0 40 28 &R 46
SR AT I R GEL N AE B 2 R IR AR R LS R
PreEE#L, I 1ICD10.

FUH AR E R R A g8 Rk 28 T =L, anm
] 18 XA BE i i) M WordNet™ il 15 5031 & 3%
CYCH , Horp CYC H 50 J5 524,700 J7 4% Wi 5 14
B AE K SR A B 5 R AR TR R R AR )z N
FH A gk B9 e 8 343 2R IA A Y Tn) L B RE % A
R4 se B ARG M A R E W TAERER 75T
S BRGS0 5 i, HR R e ARG 5 H B e 2
] 56 2R 09 A 2l 43 25 3 94 ) . 40 Hearst " 38 T —
Foft DN T B SCAS v | Bl 4R BT AL Y O Rk i E T
— 205 F U 1A I A kR X Navigli % A5 2
T EDE B O B T N BGERHE R Web
i A g2 N0 A 2k L R W TR S 7R
2T I 43 S B R SR AE ) WordNet )2 IR 4514
B, #RAE AR A5 5 T i Y 45 . Snow AN T —
PN SCAS R [ Bl2% 2] 1T A7 (Gis-a ) 96 R 108 3k ok
fif D F Bk gl R 1 S 25 (A WordNet) (1)
MR, Yang 48 N4 T — FROBT Y JE R 0 HE
AT A RIE MRS Ak T
A B 7 2k R ) O &R DL A 2R B i T 4
e Jg

B ARG EHE B MAR R HE D, £
AR P E R IR WordNet 43 2545 UE . Toral % AHY
EB T WordNet B 310 742 4> fir 44 SR FI 381 043
A4 AR SZH”. Fellbaum 25 AW B @ T Medical-
WordNet, HARE XTI b WordNet 1 B2 4 AR i Y
TEY R M 4 T — BB B A AF A R Vedula
NIRRT AR GE R YT TR ], B R A B
BT AR 2 B A A I B 2 B iR g5 # vh X
— () A A RS o e A 0 A 2R S AR S
DL KB WA A& B AR A A B C A 1 HR S5 4 b iy AN
I 1 G R i Lo PR AT T4 T ETF 19

D https://www.nlm.nih.gov/research/umls/rxnorm/docs/prescribe. html

@ https://loinc.org

HEZR , JHR F1 B 1) AT 5 R ) 458 T 50 ) B A8 2R
B R AU 73 235 R B A & B 4 B B A MR
&L RIBTER LT R AR,

SR B Al R FIN AR At 9 7 25 A 2 K
AN T390 03 AU T A A 2 19 75 20 RE AR AL
i B IE A 3 R A SCR T N A A 3k AR 25
BTk

2 HERAREFEEEGE

2.1 [EBEX

R BHIFP R T ICD10 K ICD11 1422
PR FR KPR B A SRR R E LN

RE X 1. S [A] i BR 2 SR 22 T i e O O &R
RCELED I E L E; WPIRE IR gt
KA R 2 2.

1) is_hypernym R ZHK.is_hypernym (E;, E;)
FORTARE, FIE; Z W 1R ALK R R, is_
hypernym 3 Z H A R RENE is _hypernym (E,,
E)&is_hyponymy (E; ,E;), Bl E, & E; /) 1
WL T E; R E, WAL T 05 W A
FERIBELRT A SO S B B RO R L8 B R R,

2) is_same R FHK.is_same(E, ,E, YFRIRNENR E,
ME; ZMEE SR F LR RAHE 2 55— =2
By BRYIA) SO AR SR ABL T JBR I 28 MO 2L PR
A1 B RIR IR TR LR 2 EABE
A ) R B[R] O 2R T 1 BR% bR~ 5
PRI (1 B9 J& F [A) LG #&.

A SCHY EEAT 55 S T TR AR R B B o S A
KAGEE 1 1CD10, If HoR ICD10 2R H 2 5 1CD11
R J2 R A A HEAT Rl DARS il o R A O
RO A T 1 1 H 8 I E SO X 6 il
PR A2 Wt 52 6 HC A0 v s BB KT 5 WA 90 44 R
2.2 EBEIEZ

ARSCHYEARFEZ AN 1 Frs. 15 48 ICD10 fil &
B RIEFR N ICDL 2R EGMER . &
TR H FH 1 B 0 AR T R 3

1 Zef e 1 s AR PR i () B A HE R, 15 5
¥ RS ICD10 bR HE SR 44 FR Rl & L il G 2 72
B ) D7 9 3 X6 CICD10 - H s o 952 96 A1 L 0 D S
M BA B ALOC R B SO AR MR B AT Y 9
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PEILE YR
y Participle
O, BEIRID>

11 763 PRI

y Participle

T2, R >

v Normalize

QBY, FERIR>

Y
QB WEIRF>

ST
The effective component set of clinical diagnosis diseases is the same as
that of ICD10. So, <TI B4} [R5 > is synonymous with <2HLHE JR>. j

ﬁypemym recognition algorithms of BERT based on data enhancemenﬁ

1/0 ®
FNN
*
{ [h(lzyy h(?vl)] ]
1 !
BERT
A
X, X Xy, X>
A A A
(2mmEmmtE R 2mREE AR AEARNG)| X o
v

Rule algorithm based on disease components:
The effective component set of diseases in ICD10 includes the
effective component set of clinical diagnosis disease.
So, C2ZUFEJRIF> is hypernym 0f;<%ﬂ*),‘§bﬁ’hh TEREAEAR.

( O, BRI, FUE D ) @, W ]
A

Fig. 1
B 1

BR2E SR O &R LK R R SE R ICD10 452 1, 523
XFH IR 260 1 A 43 00 S 1 R T 9 s
TG 53 1) R0 0] B35 TR0 o o 7 BT [R] SCOG &R LA
A FE T 5 1 R R Ay B R ) AR R R L A5 A
BERT U950 X & 5 HA B A7 ¢ &R K iR
B 555 B UK TCD10 w2 B 24452 8] ICD11 1Y 2 4%
G5k b G O T RIERN G SR B IE R BIAT
BT P Rh 2 S B B AT 55 43 B v O A R
N GG 995 R o P i 5 1) 0 I 2 AR OC R R AT
& 1 Ab B
2.3 ICDI10 A E HiE

XF T AR T 2 18] 14 O F AR ME 55 AR S0 )
R[] SCRR B R AL R ARG I S T R AR
R Wang 48 AU 48 O TN A B AR
B 5 P N TR Bl 3 e T A A R e AR
ek PR S 44 1) 1) S DA K SEEAA ] B R A R R IR A,
DA 2 H W7 55 T 0 D0 1) 5 R 8 e JO o 1R
RO A AR A2 BR T i g B L H 7 [ R AR

A .
Normalize

[ om, mmmts, g | (W wRn>

A Participle

AR PRI

Participle f Remove Invalid Words

[ 2mmEmrcRAEAR |
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Overall framework of large-scale diseases terminology graph by integrating common terms

il P 9 R ML B AR 3 1 135 A A 2

K. PR I s AR SCAE (57 900 911 2 A 700 1) B ik L 25 A
I3 Ak i) 22 45 1 DA B A5 L 4 S O T A 4
SR BERT | F A6 R .

WA E — IR A (X L X, Hob L X & ICD1o
AR HE R AR, X, BRI EEE X, EA
FE TR F B A3 0 R0 Bk L 1 3] X, 7E ICD10
G4 Y B A T B GR) X, R 3 e I DE S R <X,
XOAEHE HX, X X, X A S %N
(X5 XD IRIE EFGX L X DO RB (X, XD
Syl et BERTY A3 53 % o 2 A4~ J0 & A9 A &2k
Fom "R ROV R JE L PR BT RCY (8 R
2 /45 (feedforward neural network, FNN) # 47
R AL R .

AR SCHH R 5 A 1CD10 H b e ¥ 0 AR 15
A R X L R R T ROE 3 9 1 BERT | R i €
F SR X Xt HE AT T AV S R R F L I X T
A 11T 45 SR AR B R T O 1 A 56 AR A R E
FTHERF B B BE R <X, X, O Ry B 0 45 5
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2.3.1 ZHX s

P32 2 X (X, X W H bR 7E T, 38 3 ) 7 3
T KA B 43 1) R DU B i O 1 2 5 25 AR X,
X Z AR DG SR B A (X X0 I BT A
I F R AR A B A5 B R I L AR SO SRR ) B K
53 R BRAT AR 4 3] 4, I ) S T8 0 AL 80 o3 Y
PN AR X,

1) S 48 B 73 7 L

T ICD KX BRI 5 5 Y 38 K& B
8 1l A2 W 88 104 23 BT 5 A SR 95 95 1) A 44 Sy o i
F ¥R 18 Catomic disease words) . 5 K i (causal
words) .J% # ii] ( pathological words) . &F i iA] (part
words) . i K & B iF] (clinical expression words)5 K
BRI, 1 AR T BAR T X

Table 1 Examples of Disease Components

x1 ERHEBESE6

Disease Components

Meaning

Atomic Disease Words A part of a disease name, but not divided into finer-grained words. Such as “## JR 55 ”.

C | Word Including the cause of disease and conditions. The cause of disease refers to those factors that can cause
“ausal Words . . . - . v e o v p
the disease and give the disease specificity. For example, “i#f& 1 ”is the causal word of “3BfL .

Modifying words such as severity. nature and period of onset. For example.“ 4§z} ”is the pathological

ath ical Words .
Pathological Words word of “ 4 I 15 1L R

Part Words Indicating the location of disease in disease name. For example,“H "is the part word of“H i J7 .

Clinical Expression Words A series of abnormal changes in a patient’s body after he has a certain disease. Such as® & #”.

2) F T B B v A 0 B ©®  elseif X, in R then

255 1CD10 RN A FRES D={(D,.D,, -, B X o FHAE R o i A ofE ] S im] 5 46k
D, b o o B 44 BRI AN B 3 T 950 b SR @ endif
3 9 L ) 5 R A R 4 14 0 1) 85 K DG T ® end for

FAE IR D, A X, #4771 5 B R A ok
I S G TN N e R U s o I R I I T
SRR B A SRR R R T Y TR A 4 B
FOXE N B bR o 24 BRI Bl AR BN A BOT RS
setD FlsetX 3T D, . X, WERMICELES setD Hi
set X AYICER A SCEE A T HE B 67 98] B 4 R 6 9%
o AT ARG A OCR , BB LA X 2 R .
# setX TEAF setD W D, J2& X, B9 B, IFR 1]
AU AW AR 2L AT b7 B e, HENRA L
AriE AT 1k B S W X 2 A R S
HAER BT D, SRk sk 1 s,

BE 1 T R RS 4 U Bk

A . ICD10 HbR ERIE AR X | Ilf PR 12 B
o A v AR T TR X, B R R 23 ) 4 ) ] S
KEEE RAFHAES S=1{S,.S,..S, } I
¥ B AR ) BV e R Hoy pernymMap ;

B BRI XX XD SRR,

@ XX, X, HRE X fe R DG e 55 2 #4743 1]

SRR X =X X X e X =
(X015 Xon sy X, ) AL R 5

@ for X,,€X, do

® il X, = S, then

@ XL Bl X,

@ X X, [FFEHAT RO ~ O AR
O 3533 X, WA RO E s X FX 1Y
A BRI setD s
@ if setX —setD = then
@  return [A] LR
@ else if setD € setX then
return J:T‘E?é/\ H
else while X,; in setX has hypernym in
HypernymMap do
FI X o XA hypernym e X, 5
if setX —setD=(/ then
return i) LK ;
break;
else if setD € setX then
return J:?{E%;% 5
break;
end if
end while
return %33,2% H
end if
2.3.2 FTFHEIEHIER BERT I F 76 & & 3k
S 530 s B Y S AR T SO R Y [n) A, T B A —
AGrRAT 55, B ICDI0 AR dELE R 1A X, 262
B X, AL B RV I 8 2 BOR

SESESESNSRSESNENGRS IS RN SN
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’ Concatenation ‘
) A
A EEEE G (5 E EE ) )
Ff f f f 1 1 1 1 I L O L N f
BERT Layer Transformer Encoder Transformer Encoder
G S R O O G R M M O M S
Embedding Position Segment Word Position Segment Word
Layer Embedding + Embedding + Embedding Embedding * Embedding + Embedding
o S N S S S N M G O S N S S S M
toput Layer (L8] (3] [+ (] [s2] (2] (=] (] [52]) ) (e [+ ] (6] [589) () [+ ][] (55
1 Il | ]
X, X, X5 X

Fig. 2 Model of hypernym recognition algorithms of BERT based on data enhancement
2 LT RYREIR 9 BERT [ F o 56 28 11 501 850 vk 4 1

A SCH HT B 2R 05 5 LAY BERT X % g %t
(X XD MIBH XX 50 X050 90 BEAT 40 5. DL
XX X0 ], R JHLSEP JFRICAR R 2 A 952 95 1)
1 53 55 B TE R AT 8 B I 6 A7 B — AR IR Y
FRic[CLS], P “[CLS]X, [SEP]X ., [ SEP "
WA R A B R B ST B A A i A A
FE AR A ) AR A = R PR
Adr ATEA B Transformer A& Y v, I 4 4 19
[CLSIZa& T 2 AN A & & A B A5 2 RATAE
FFRIC[CLS I R L il B 7 AR 73 2548 55 g 41
KMEFR ) BRI B K SR (X, X )8 A BERT
R CEI AR 3 Al AN R E s Y =R N1
P2 45 AR B SR 0/1(0 AR E L RR,
18RRF X, 2 X, WETFMNRR).
2.3.3  ARIEETE G R U S X L S 5

AR SCHGE T AL G U 8 0 R 1 1R 3
S PR A 0 R TR Xl B2 7 - 5 R
o BIAE A by 52 0 B4 4 R ol 12 BCHE 4R Hh R e 44
PR Z ][] SCOG R /0 DR I 4 0 P 5 T 905 1
BSC G A VR ) B 3 A ) S OG &R  E AR SCAN R I
AR R AEAT R ST

ARSCHEHCT 4 FhOCFR R B A SO
(9 77 AT X L

1) FLF AL Bk (string similarity algorithm).
B SR B — AR X ICD10 H b oE 9 9 AR

5 X, FH HE X, i) Levenshtein B85 distance (X, »
X,),Levenshtein FiEF8 2 NF AP Z W H— 54
J — A B 1 e G R AR A B AT distance (X
XS5 B A <X X BT B A6
F AN o R A SCICE R 0.8.

2) Sh A B 5 T (dynamic distance loss
modeD) . SCHRL 11 P &4~ % Ml X, gl —4F
BT Oy Bl - R B Ex, % X, fEN
AL R B A L S O, s A D b A iRl )
I, ] E «, SRR R T I B R RH)IT 2R SVM A
R I I 25 1) A5 0 B o A 9 % (XL XD
S EALTE X

3) FET PR A A3 1 B ] 585 (rule algorithm
based on disease components). CHk [ 15 ¥ % f5 Xt
(X0 X0 SR A 1) B 47 23 1) Ff iR R 9 o0 K
17545 A AR AL AR 8 X TR & TE X,
e RS2 X & X, W A0, 75 00, 3248
X, TR B X, MIZTER.

4) BERT. 3CHk [ 16 K £ 00 XF <X\ X0 DA
“[CLS] X ,[SEP] X,[SEP "y = A 2 1t 1] 25
BRI BERT . 76 BERT 585 4% — 4> 1if 451 i 28 1
GHEAT k.

XF 06 FR ARG R A ST P A 98 bR ok Bl
FHBY Precision sRecall sF1_score YE b F M AR #E , 3F
g At AN
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Number of right relationships

Precision = X100% ,

Total number of relationships
Recall =

Number of right relationships

Total number of relationships in standard results

X100%
2 X Precision X Recall
F1 score— 0
1_score Precision +Recall X100%.

FT2RRT 5 MR ILBEEM Precision sRecall ,
F1_score. 534 PR Lb, A SOl A9 5503 3015 B
0 F1_score {8, H Precision, Recall s F1_score
GrIh 97.18%,93.94 %, 95.53 %6 % F 5 F RN 1
KRG F B, BB Precision 5% T 100%,
Recall FARA, X 52 PR 2580 ok 32 R T 1) L ) R A
T 22 55 A4 AT 0 45 2R 15 AR v X 2 AR
SCR A2 505 4 B B A5 R R SRR e A, FRAT R
WA CE R F1_score {H L B3 A BERT &
T 0.92% IEW] T TRGE S 5 9 BERT IR fi ¢
ESSlC A7 OESE Y E e

Table 2 Comparative Experimental Results

F2 WHIXWER %
Algorithm Precision Recall  F1_score
String Similarity Algorithm 100 7.27 13.56
Dynamic Distance Loss Model 74.26 90.91 81.74
Rule Algorithm Based on
. . 100 22.12 36.23
Disease Components
BERT 96.24 93.03 94.61
Ours 97.18 93.94 95.53
Note: The best results are in bold.
ICD10
Node Tiling

-/ ICD10%A (=M) [ICD10]
B

+ WRRIEAGAE (%M (1CD10]
X + EE S (%) (CD10]
) SHEOVE FTARERLE (RH) (CD10]

Parallel ) TR AR ERLE (%) (1CD10]
Relationship + REBRES WS (BF) (CD10]

+ #EMEAE (%% (CD10]

| RASRWADBRE (%) (CD10]

+ SUEHENASERE (%) (10101
+ RS REMLMER (%) (CD10]

+ RS REMEMER (KH) (ICD10]

+ ERTREXMERRR (%% (IcD10]

+ RAASIEMOMRA (%M) (IcD10]
FASEOMER (M) (CD10)

+ FAFROMBERTAAHRE (FM)  (1CD10]

+| RBRASBORMASR (&H) (ICo10)
IERRFEMBEEEE (FH) (CD10]

24 AMICDI EXREHMER

ERT ICD10 5 ICD11 B ™ & A 4 e 5 0,
ASCK G T W HE B ICD10 45 0 v iy e A5 25 |
EEMEEHE R ICD11 WY R k45 |, LB N ICD11
JZ R 25 K A J2. A5 B0 T 0 4R R (050 2 S L
i B A= 4 A0 S B . IR ICD11 Rk &5 M 15 2
1 JE R 7E T

1) ICD10 B 3 {73 H i i 2 ik 45 48 i T F 1
P AE A 0 18] Y 2 G gt # i 3 BifaR L 78 1CDI10
rRORE PRI 5 N A AR AL T TR — )2 R L T b
BRAPG” IOL S8 1 P9 40 A 3 95 o B < M DR 7 g A6 1 Y
S IBIETIT 2 R .

2) PN H wRE A4k ICD11 P/ 3% T 43 284l
O HBUIE 43 28 2 U0 HE N 54 Ak 43 25 0T, X ICD10
A 1 5 JE 25 A RN 2 R AR AT 1B 1T 5 58 3 R %
FEEIFHLAE 10 4R # R FH Y ICD10 1 S 9 5 S
by, R I 75 A ICD10 5% i 5 Sl & B
A ICD11 M2 S5 k15 B

ICD10 FR#fEM o K g B e 22X H L. K H F oy
WH,FH T4 H, 3 MRK A SCH ICD1I0 2
H 2§ e i3 3] 1ICD11 AT 8 2 %% L, & B ICD10
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Fig. 3 Contrast schematic diagram of partial hierarchical structure between ICD10 and ICD11
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Table 3 Mapping ICD10 Category Layer to ICD11 Layers
R 3 ICD10 X BEBREE ICD11 & E KRR 5

ICD11 Hierarchy

Mapping Number ~ Mapping Percentage/ %

3rd 692 27.45
4th 1161 46.05
5th 534 21.18
6th 120 4.76
7th 14 0.56
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Table 4 Disease Names’ Code Mapping
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Mapping Rate of Data Coding
Coding Mode

The 1st Group  The 2nd Group

Coding Based on ICD10 12.74 11.71

Coding Based on Our Method 97.19 77.87
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Table 5 The Completion Time Results of Manual Coding
and Machine-Aided Coding
&5 ANIHmWINYLIEHE GRS BA E 45 R

Proofreader Manual Coding/s Machine-Aided Coding/s
1 486.077 198.573
2 383.016 158.404
3 402.057 163.572
4 454.043 176.680
5 471.029 186.665
Average 439.244 176.779
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Table 6 Accuracy of Doctor’s Manual Coding and Auto
Coding by Disease Terminology Graph
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Coding Mode Accuracy/ %
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