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Comparison between Word Embedding Techniques

in Traditional Korean Medicine for Data Analysis:

Implementation of a Natural Language Processing
Method

Oh Junho*
Researcher at Korea Institute of Oriental Medicine

Objectives : The purpose of this study is to help select an appropriate word embedding method
when analyzing East Asian traditional medicine texts as data.

Methods : Based on prescription data that imply traditional methods in traditional East Asian
medicine, we have examined 4 count-based word embedding and 2 prediction-based word
embedding methods. In order to intuitively compare these word embedding methods, we
proposed a "prescription generating game" and compared its results with those from the
application of the 6 methods.

Results : When the adjacent vectors are extracted, the count-based word embedding method
derives the main herbs that are frequently used in conjunction with each other. On the
other hand, in the prediction-based word embedding method, the synonyms of the herbs
were derived.

Conclusions : Counting based word embedding methods seems to be more effective than
prediction-based word embedding methods in analyzing the use of domesticated herbs.
Among count-based word embedding methods, the TF-vector method tends to exaggerate
the frequency effect, and hence the TF-IDF vector or co-word vector may be a more
reasonable choice. Also, the t-score vector may be recommended in search for unusual
information that could not be found in frequency. On the other hand, prediction-based
embedding seems to be effective when deriving the bases of similar meanings in context.
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Table 2. TF Vectors for Example Data

TF | WAL #A2 #A3 Al
e 1 1 0 1
b 1 1 0 1
B 1 1 1 1
7z 1 1 1 1
Elas 0 0 1 1
23] 0 1 1 1

Table 3. TF-IDF Vectors for Example Data
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Table 6. Result of Prescription Generating Game

2 718 Hlu: XK e 8

Hgdtol

o2FZ

2019. 02.

323413

A= Clo] ol el tho] ol ®
E5, | AT uA A4 2 2o, g 23
e 2z 94 TF e} CEEACENE
TE-IDE e (2% o mz] TF-IDF ¥ & [zep, B, HZ]
2z | coword ME | (22 A4 wz] coword M | oY B, 23]
(7372) t-score HE] Bz 274 3] t-score HE 2o}, 7], 5218, 75, 2€
word2vec ME | [ZZ, Agx] word2vec HE{ | [Hz}eF w
GloVe HE] [z, 17, 23] Glove HE] [t zpoF, M
TE ] (33, 23] TE 2= (29, 2=,
- ] il 3} i N
TEDF 4 | (29, 22 TEIDE M= | B2 29,
=53 co-word HE| (B, 23] co-word # & [, &85, Al Z, Q4 o
(3834) t-score I E [FH, 23] t-score HE| (23, 2
word2vec Mg | [ZF, FH4] word2vec HE | [Z7 A
Glove HE] [BH, oA, Axl] Glove HE] (=, v
TF e R4, 2] TF HE] (53,
TF-IDF # g [4, BE] TE-IDF ™ E] [5% R’
QA co-word ME] | [4 WZ] coword ME | [579, §
(3810) t-score HIE] [Q14} wiZ] t-score HE] (5%, 8%, 71
word2vec HE | [ 4% 9497, & FH word2vec ME | [5% EST | A4, A
GloVe HE] [Q14, A=, 2ot Glove HE (5% HE oH
TF g [MZ A4 Zx] TF #¥E (A7, 521
TF-IDF # g M, d4] TF-IDF H & A7, 52
T co-word M E] e d4] co-word #E] HE,
(3137) t-score HIE| [M& A4] t-score HE]| e
word2vec ME] | &, X9, AX]] word2vec HE| LA
GloVe ¥E HE 59 Glove oA,
TF H¥H [Ra], #x, 4] TF ™Ef W2
TF-IDF ¥ [Ra), Z4x A4, #s] TF-IDF ¥ LA,
Fak| co-word Mg | [flu] FHl] co-word ME -
(2989) t-score M E] [la), 4y ey wie Z2) t-score " E] 232, 53, 78]
word2vec HlE | [da], 2Z] word2vec ¥E] Ve A 7]
Glove g X3, Fu, EAH GloVe HE LA, B
TF H¥H (22, 2] TF HE 7z, 9
TF-IDF HE] 2z, 27 TE-IDF & A7)
co-word HE| [H3, FH] co-word M E] z ]
A

i) 5
(2701) t-score HE] (A3, 3]

t-score HE

wordzvee mel | HE. F3HEgH WY
=

word2vec HE

X ol ol oo 1o pie 1N | Bob N oy o | 20N ol

H, (s}
Glove HE [H3, 7, 71=] GloVe HE
TF ¥ [Rish, 2], 2z, 4] TF #E kel
TE-IDF HE] [Rtah, o], Zx, A4 ME] TF-IDF #E] AZ]
uhs} co-word HE] [¥rsh, X, F8] co-word HE] 7]
(2340) t-score HE [Rl}, H) Bk WimSL ZAY t-score M E] TE
word2vec ME] | [Rl5}, R word2vec IE] 2
Glove HE [ara}, 24 Glove HE ) SRS, AR
TF #E [B=, AlZ] TF e
TE-IDF M E (B2, A1Z] TF-IDF ¥ E]
o co-word HE (B2, AT, ZX, Q4 wiz] co-word HE W]
(2052) t-score M E| (23, /=] t-score MIE]
word2vec WE] | [#5, ¥, sh, U, g4 word2vec ¥IE] EAE, Ay, A
GloVe HE] [&=, 2I2H GloVe HE]
TF ¥ (e, 4, =] TF HE] U]
TE-IDF HE] e e A TE-IDF ™ & A, M
R co-word HE (U5, o4 WmE] 2= co-word #E
(1990) t-score I E] e, Qe WE] 1390 t-score H/E| NET FAH
word2vec HE | [MEF 5] word2vec HE| ol ax]]
Glove HE [HEeg, wiztot] Glove HH SAH
TF #E [BE, 22] TF g
TF-IDF #IE] (5, 28] TE-IDF g
s co-word HE [, 28 58] o ]
(1943) | tscore e | (4%, 2", 58] o
wordavec Wel | [4E, 733, 23] score A1l
o 2 o word2vec HIE} :
Glove K [HE, B71, 5%l GloVe HE

69



Table 7. Cases of Prescription Generation Result
Converted to Licorice
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