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[Abstract]

In this paper, we propose methods for the named entity normalization of traditional herbal formula
found in medical texts. Specifically, we developed methodologies to determine whether mentions, such
as full names of herbal formula and their abbreviations, refer to the same concept. Two different
approaches were attempted. First, we built a supervised classification model that uses BERT-based
contextual vectors and character similarity features of herbal formula mentions in medical texts to
determine whether two mentions are identical. Second, we applied a prompt-based querying method
using GPT-40 mini and GPT-40 to perform the same task. Both methods achieved over 0.9 in
Precision, Recall, and F1-score, with the GPT-4o-based approach demonstrating the highest Precision
and F1-Score. The results of this study demonstrate the effectiveness of machine learning-based
approaches for named entity normalization in traditional medicine texts, with the GPT-4o-based method
showing superior performance. This suggests its potential as a valuable foundation for the development

of intelligent information extraction systems in the traditional medicine domain.
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I. Introduction
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Fig. 1. An example of NER and named entity
normalization for traditional herbal formula mentions
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II. Material and methods
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Fig. 2. The steps of this study

1. Research problem, data description, and
performance measurement

Fig. 2= 7IA% A7st AL H712 9t o10] 52
2 uolETh B ApdML 71z 159 g Ay
A 7t0 A 252 93 2uAS BEIIYTFi. 2
Ao A= AEHE 740789] PubMed ZZ0]A of2]
stojst =9l ME7t5o] A™ HAEES 9l X4t
o] M-S Ef7der Autzolt). ofEolEFo] ZPA L
AF4et dlojEl= ol% Fellold W= EOH shte] &
gel dlojg Aoz AAEQct 740709 2Eol= &
6,2117}9] @ido] =3te]o] 9lon, o] FmA+= GitHub
(https://github.com/KIOM-AIDoc/TFDR/tree/main)

oM EFE 4 AL IA == YA Foll ok

—_

2

a

o =5
o]l

ol of

L

2. Entity disambiguation between mention
pairs based on contextual vectors and
character similarity
A DA A 5110151% Zgsto] F tldo] &Y
gt 7HAIE AR sh=A] o 5
gF A4S RlegstRithFig. 2 (c-d)). ZAF Axt, 7HAE A
Lo

b B U 2R WES fet 2] B85 YHES
Sie oz 2RIFQiA, o] et 2 A+to] =oRld]

S CEERIEE )

A jldd] sigshe
Aydsten,

2= HAES
BERTO] Hleﬁs}oq = HE
(Context afi
Huggingfaceol|A] Al35H= ‘bert-base-uncased & At
&stict. T s dis A = wEQ] 37]=
7680]0y, &= TilXo] Rub wig|7} mulo] EX(feature)O.

2 ARE I

oS

i)

vector)&



108 Journal of The Korea Society of Computer and Information

E3h & A9 FAIE fAEE F7F S 0= AREst
Aot AR FAREE 55| 98l Jaro-Winkler 72
S ARl Jaro Aels & 2AME ] 3% AT
oF 1 ZA] YA] APolg 7Ijto R FALEE AXRRITH
Jaro-Winkler #2]= of7]o]] tisl], FAIZo] ASHH &
o UR[shH=AlE F7Isto] fALES O F85H7 §Hy

Gk 5. 2A0] PR ol UATAE AL

0]
U QEPH 9t Z9oE £ 2A1% 21o] gAPE A
o7 Akksts Aog F#A ot

Alzsks 7w B 2de) g2l 54 2l 15370
CHFig. 3). $2]= Random Forest(RF), XGBoost(XGB),
SVM(Support Vector Machine)?|#HE AF8sto] &5 &
2 A B THlE Holo] skiearn TH7IA
£ AFESHITE As m7k= 5-fold Cross-validation2
&0l St HlolEet HIAE Hlo]HE #2jshil, 7 4%
S Wit B8] & =2olA SUMS ALed WS
Context Vector Character Similarity SVM (cvesSVM)
o2 Hslgr.

Label A feature with 1537 attributes

G

Contextual

Contextual
vector B

vector A

[ Classification model ]

] [ Character similarity ]

Fig. 3. Label and features used by classification models
to determine the same formula given two mentions
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pairs using GPT-40 Mini and GPT-4o0
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III. Results

1. Descriptive analysis of the data
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Table 2. The numbers of formula entities and
corresponding articles
# formulas 1 2 3 4 5 6 7 8 9

# articles |684| 34 | 11| 6 3 0 1 0 1

Table 3. The numbers of formula mentions and

corresponding data for training and testing

# mentions | 1 2|1 31]14]5 6| 71819
# combinations | - 1 3 6 | 10| 15| 21|28 36
# articles [ 115(380(180| 45 [ 10| 6 | 2 1 1
# data - |380|540(270|100| 90 | 42 | 28 | 36
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2. Performance comparison

Table 4= A= 7]t 25 29| Precision, Recall,
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Table 4. The performance evaluation of RF, XGB,
and cvcsSVM

RF XGB cvesSVM
#Rows 1,486
#Pos 1,166
#Neg 320
#TP 1164 1151 1154
#FP 208 124 108
#TN 2 15 12
#FN 112 196 212
Precision 0.848 0.902 0.914
Recall 0.998 0.987 0.989
F1-score 0.917 0.943 0.950
Table 5& 9MjA 71 =2 F1-ScoreS HQl
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Table 5. The performance evaluation of cvcsSVM,
GPT-40 mini, and GPT-40
cvesSVM GPT-4o
F1 [ F2 [ F3 | Fa | F5 [Total| min |31%
#Rows | 306 | 322 | 274 | 319 | 265 1,486
#Pos | 230 | 248 | 225 | 240 | 223 1,166

#Neg 76 74 49 79 42 320
#TP | 226 | 246 | 221 | 239 | 222 | 1,154 | 1,097
#FP 22 | 24 | 20 13 | 28 | 108 51 4
#TN 54 50 28 66 14 212 269 316
#FN 4 2 4 1 1 12 69 71
Precision | 0.911 | 0911 | 0913|0948 | 0888 | 0.914
Recall [0982|0.991|0982|0995 0.989
F1-score | 0.945| 0.949 | 0.946 | 0.971 0.950

M2 OE XY AP 57tk =20 esiE o
9] Zik= Table 60 UER} Qlot. o EAojjxf=
Positive GIo]E{EC} Negative HOJE{7} T ol oH,
Precision2 GPT-407} 7FF =911, cvesSVME 714 o
Q¥t}. Recall 9A] GPT-407} 7V =9F0 ™, GPT-40 mini
+ 7P 2} Fl-score A] GPT-4o7t 7V =9k,
cvesSVMo] 7P wrortt GPT-4o+ Precision, Recall,
Fl-score 2% 0.9 o]At9] =& 7|E35t9 Tt cvesSVM
> FP7} 7P Sokar, TNo| 7P AQlen, ol2 <lsf GPT
719F B vjs M2 o2 A 7HA] fd A= A-est
+ U o3 Fe Aos Bt} v, GPT-4o= Oi%
Bo] A2 ChE JRde A PR 4 ik

Table 6. The performance evaluation of cvcsSVM,

GPT-40 mini, and GPT-40 in cases with more than
two distinguished formula entities in the text

cvesSVM | GPT-4min |  GPT-4o
#Rows 398
#Pos 78
#Neg 320
#TP 68 63 72
#FP 108 51 4
#TN 212 269 316
#FN 10 15 6
Precision 0.386 0.552 0.947
Recall 0.871 0.807 0.923
F1-score 0.535 0.656 0.935

IV. Discussions
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