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[Abstract] Objective To propose a drug word vector conversion model based on attention mechanism named Drug2vec
for generating vectorized representation of drug information, and to compare the vector conversion effect with Word2vec and
Med2vec. Methods Using the attention mechanism to capture the roles of medical entities on the central word, we proposed
a Drug2vec model to convert medical entities in unstructured electronic medical records into vectors. Using the systemic lupus
erythematosus (SLE) dataset of 14 219 patients and 963 drug entities, we tested the effect of the drug vectors generated by
Drug2vec and compared it with the widely used language concept space vector conversion models Word2vec and Med2vec.
Results In the SLE dataset, the accuracy of drug vectors generated by Drug2vec was higher than those of Word2vec and

Med2vec models. The rank results of the similarity of drugs showed that the drug vectors generated by Drug2vec were
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consistent with the clinician’s medication order. Conclusion Drug2vec model can more accurately modify central drug

entities using contextual entities, producing more precise drug vectors.

[Key words] language concept word vector; attention mechanism; systemic lupus erythematosus; electronic health records

Wit e DT B S, H R D R g8 R R ER
PEAWIG N o H s D3 HhAeAi R B BRI s Al
WA, MEHESS A SCAS, FRATT7R 2R X s i
ARG A ST DA BUEE B, A Rex Hik
TR M, S8 e R B T AR
K, MLARF 2 FIUR B 27 2] E By Gt tal v 1) i FH ke
M, QBTN R

EER I S DU E I R f e NN TR T 2 e
(1) ] 4 T — SEfig ke 7 42, W Google #E 2013
AEPE N T Word2vee #5581, Z 48R SR % 25 6] 48

( continuous bag-of-words, CBOW ) #I Skip-gram
2 Fh07 2, TETCHE M IE G0 T AT DR SCAR B e Ak
Syzs ()i Y . Word2vec #E 8 HF T R SCE
i) ] g 22 R AR S T TR A ) R, B R G 3R]
Az B TR SCHLR] [, R R R SOA
%) 3] ) 5 AR AR, IO BT X BR T Y R ik
Yyt iedt. B, Word2vec #5 RIS BE i fff 1
IR Y A BRIT SR Z M E R . Glove /&
Pennington % ' 7 2014 4E42 i — AL T2 RN
— 7 T 11 TR0 IR O ) ] ) e B A AR AR, AR
56 T IR BT SCE B4 ey ) IR A L
A iR ), RS B AT DL A TR i ), {H
HEMEH T 4R E B SENFAFESER, HE
1 S PR R IIFAR N E, BT A K Word2vec
LRI K . Choi %57 1E 2016 4F 42 i} T Med2vec
BEAY, BT Y7 SRR AL, 3
Med2vec WAL F T 25l Skip-gram B9 Z544, [A]FE
B RS MR A 25 BT AR Z I I P O &, T LA
Bt Al 1Y A 1 o T PR A TR . Cao 51 I
SOCFEE &, PR T T SO R
] AL B cw2vee, B A BHZE {5 B 1Y n-grams
LT A7 DDLU IR A AF BT 7 Az 18] 1] 4
cw2vec AZ 0L IE R H Skip-gram J5 = H o0 i)
P bR S, AN 8 Al A8 Y n-grams KR
RS, BEE S R OCE B, (HE H AR ERE

[ Acad J Sec Mil Med Univ, 2020, 41(10): 1129-1135]

F, AR AT EHAATS (g SCRAR AT
245 ) | Zhao %5 ¥4 PubMed F1 DrugBank 1 (924
Y RME RN ZRFEA Fi A Skip-gram £7, I FH
[ £ AT 1) 5C R AE R PEAG FE 45 04 % Skip-gram 152
RIPSHL, RS TR 25 &t . i 24
Pk iR R ) i AR [H] 1 O R AR AT —
R R vy 1) e VR M, (BJFB0E MARAS ks A=
ARy

H HE TR BE 2% > B b, i A o 28 1) 4%
( recurrent neural network, RNN ) FlIg:FHf 25 ] 2%
( convolutional neural network, CNN ) A A4E 947
TESRECRE Ty, — BB N D) iz e T SCA A
GERRAESRI L N, RNN AP K GE T A b
2 [ 4% (long short-term memory, LSTM ) # #
TE A A iR ] B R AE AR BUE 55 2 LSTM
R 2RO E M AT AR E 22
&k, ANBEHEAT KM I ATIE 5, FRIR T 115 aE
7Jo CNN K #EAT R G 70 SRR S84 T
45140 T T T LG 3 A AR b R 2k I R
FRERY B Y, ARt 0T A SR E F AT 55 .
Zheng % * A 2017 4E4RH T —FIET CNN (13l
AR, BRI ] CNN ZRER b SCR RS
B, miEE BT SCHENE B . CNN ESK AT MO T
T, (HUEANREIAR HARE 5 A YT S5 TP K EE B 1Y
FRIEDC R, WTEMLAREIPE D CNN H BBk 5 28
PR TAFE B AR A1) Z [N DG 2R, ANREAS IR B T
AT H R T R, DT S B A v

TR IPLE 2 — PR R Y 25, FEh
ZH LA BRI b i i A v, BT R Y
Transformer 25 #4) 7] DL fff 1 4787 R < 1 5 0 4 3 OC
R, PR EIENR T . EETAU, B
R NSIT SRS T 2T SR, iz,
G RRG A S AR AR L v ) R SR )
IF, e B B SO e iRl AR A [RD, andEss
IZWORHR] ] 1 AR B SR i, T 3 A2



1000, AR, 45 —FhRE T IR L 8 R e B v 2 i) ) Al T 12 e 1131 -

Aivin] ) 5 AR AR AR OG5S o ASBIF SR AT = Il
PO FOREIAER, #2141 Drug2vec £57Y,
JEA5F 1k F 0 T ) BRI 7 SR A A T
ARG BERA(systemic lupus erythematosus,

SLE) & —Fh R N A2 E MRS H & e
P, WAEBEZ R AAE™ . ABFFEM 13 4> SLE ¥t
HU AR T 57 367 (T U, (055 T 14 439 Bl
B 26 583 iZYr, AWTFEAE XA B LT
Drug2vec #5289 A= j 3] ] 5 A RCR, I H 52 b H
() 7 M2 (B) ) i AR SR Word2vec FlT Med2vec
BEFTRT LG o S I R IMAY A2, Drug2vec REAVEAL
AR SR BB S5 SR B B R L

1 FRFNFE

1.1 SEIx4d%  SLEETE 1Y & — M 5 3 i 52 2
F S, BLHRE RN ERRS,

KL EA LR L AT A5l B8
Pk AR 13 K= H EEBE 14 439 4] SLE A& 194

Output

Input Projection

e(n

Beicsk, WHEESEE R 2001 4F 10 H 28 H % 2017 4F
3 H 31 Ho Sl A SR E 5 AL FR Y Jr ik ik b
SCARHIRBURE BN O G245 B CAEE . 2E)
FUSURAR G ) FZPW)5A5 ., A6 EIG PRI 2 3R AEL
Wi o HEBRIS BANBASIR G 220 1], F 208 FH A5
P AL T 14 219 fIEEF 10 469 A EESTSLK,
Hrh 2y Sk 963 A, SLE = Fe AR 4K 35 4> iE
AR 8 365 4~ IZ2WIELK 1106 4

12 %3 7% Word2vec 1 I () Skip-gram 25 4
SINEEE S TB 0 RN e Bl o QLU B [ s TN B PO i
TSR R TR FI (R ; CBOW 454, 38 4o %
R SR A A RN ] ) 3X 2 RO U7
A6 T ) ) e S 0 S i) R ) 2 T, 3 ot 1)1
KA ES A AR BOAERA 1 1] (B Word2vec 1503 f14)
ARLERUNE 1 R, Horbe (1) R, e (1—2) |
e(t—1) . e(t+1) | e (¢++2) ¥F R H I F A (Skip-
gram S5 A R B 2 R AR R R, CBOW 4544
ANFEBi R ARE)

Input
Projection Output

Sum

[0

B 1 Word2vec R EARLEH

Fig1 Basic structure of Word2vec model
A: Skip-gram; B: CBOW. e (?): Target word; e (t—2), e (t—1), e (t+1), e (t+2): Contexts of the target word. The same color
indicates the same value in the Skip-gram model, and the different colors indicate different values in the CBOW model. CBOW:
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Fig 2 Basic structure of Med2vec model

The thick black arrows indicate the direction of information transmission in neural network. x,: A binary vector comprised of several

medical codes; x,_,, X,—, X4, X,+,: Contexts of x,; ReLU: Rectified linear unit; W,, W,: Weight of network; b., b,: Biases of network;

d,: A vector of demographic information; |C|: The number of all medical codes
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Fig 3 Basic structure of Drug2vec model

e (?): Target word; e (t—k), -, e (t—2), e (t—1), e (t+1), e (t+2), -+, e (t+n): Contexts of the target word; Event: A diagnesis and

treatment event of patients. The darker the color and the thicker the connection line, the more significant the influence of the context-

related words on the target word
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Tab 1 Top 10 medication entities with highest correlation or frequency to systemic lupus erythematosus
Rank Drug2vec Word2vec
Cosine similarity Medication Cosine similarity Medication
1 0.92 Hydroxychloroquine sulfate tablets 0.68 Fluvoxamine maleate tablets
2 0.90 Prednisone acetate injection 0.67 Dexamethasone
3 0.89 M.ethylprednisolone sodium succinate 0.66 Thiamazole tablets
njection
4 0.88 Prednisone acetate tablets 0.66 Salvianolate injection
5 0.87 Calcium carbonate D3 tablets 0.65 Colquhounia root tablets
6 0.86 Cyclophosphamide injection 0.65 Tripterygium wilfordii Hook. f. tablets
7 0.81 Omeprazole enteric capsules 0.65 Prednisone
8 0.78 Calcitriol capsules 0.65 Omeprazole injection
9 0.69 Alfacalcidol soft capsules 0.64 Breviscapinun injection
10 0.69 Aspirin enteric-coated tablets 0.63 Cefoperazone sodium and tazobactam
Rank S Medzvee b Frequency Medication
Cosine similarity Medication
1 0.29 Cyclophosphamide injection 16 436 Hydroxychloroquine sulfate tablets
2 0.24 Oxacillin sodium injection 16 558 Methylprednisolone sodium succinate injection
3 0.23 Rebamipide tablets 12 629 Cyclophosphamide injection
4 0.22 Oxytocin injection 12 095 Prednisone acetate injection
5 0.21 Heart saving pill 8191 Calcium carbonate D3 tablets
6 0.20 Compound reserpine tablets 7 386 Prednisone acetate tablets
7 0.20 Prednisone acetate tablets 6722 Calcitriol capsules
8 0.17 Ferrous sulfate tablets 5658 Omeprazole enteric capsules
9 0.17 Recombinant human insulin injection 3564 Alfacalcidol soft capsules
10 0.16 Caltrate D 3459 Aspirin enteric-coated tablets
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