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2. oA 3 A

NCI-ALMANAC(A large matrix of anti-neoplastic agent
combinations)> 2] 3¢ °fE X3 AFdA VIELE AMEHE
dolgwlo] 22 v oy ¢ AlE (National Cancer Institute, NCI)ol 4]

sl [25]. NCI-ALMANAC dleo] o] ~3= FDAOIA &<l% oF

ComboScore”} . NCI-ALMANAC dlo] g Hjo] 2ol = F 304,54971 2]
kol oF & Z3td ZF Z3%e] ComboScore”} ¥Y38FE o gith.
PubMed dlo|E{Ho] 2= gAY #d S &

& 2 AFxeltt. B AdFdAE PubChem[26]&  ©] 83}
NCI-ALMANAC dleJgH]o] oA FE37E ofzo] e o= LA E
T538k31aL, Cellosaurus[27]E ©]-&3to] A EFo] g AEF TFTAE
Tkl olgld EE A Ae JHE=EE Ve R T VY= £
o] = gAY FHES PubMeddl X FE39 . AW T3l =
Azl o] gl7] wiitel, 4 =3 AEF7F Edol &

et 24 #7150 Utk dE 59, 9FE ‘Fluorouracil& PubMed
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5—,]’%5_]‘“5 cbhow = al
ojo] =W AHAHE I
t}. ‘epochs’> Word2Vec Ed & 53t & ou|sla, & o9

e 2003 & Abg3sd o)

¥ 2. Word2Vec 3slol# gt g AM® 3t

Hyperparameter name Value Type
Vector Size 256 Numeric
Window 5) Numeric
Min Count 1 Numeric
sg 0 boolean
Epochs 200 Numeric

Pt Agstel delH Mg waARUL. = 3e Fwe H§d

o - =

NCI-ALMANAC t o] Ef H] o] 229} of| A] o] T},
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¥ 3. NCI-ALMANAC tdlo] g #o] A ¢ A

. Drugl Drug?
Drug 1 Drug 2 Cell line ) ) ComboScore | Average
concentration | concentration
1.00E-09 2.00E-07 5
1.00E-09 2.00E-06 0
1.00E-09 2.00E-05 -4
1.00E-08 2.00E-07 28
Methotrexate Hydroxyurea SF-295 1.00E-08 2.00E-06 73 14.22
1.00E-08 2.00E-05 39
1.00E-07 2.00E-07 —4
1.00E-07 2.00E-06 0
1.00E-07 2.00E-05 -9
5.00E-07 6.00E-08 -1
5.00E-07 6.00E-07 4
5.00E-07 6.00E-06 12
5.00E-06 6.00E-08 -5
Busulfan 2-Fluoro Ara-A | CAKI-1 5.00E-06 6.00E-07 -23 14.33
5.00E-06 6.00E-06 36
5.00E-05 6.00E-08 23
5.00E-05 6.00E-07 17
5.00E-05 6.00E-06 66
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3.00E-08 1.00E-07 -7
3.00E-08 1.00E-06 -4
3.00E-08 1.00E-05 4
3.00E-07 1.00E-07 -2
Azacitidine Thiotepa NCI-H460 3.00E-07 1.00E-06 33 20.44
3.00E-07 1.00E-05 39
3.00E-06 1.00E-07 16
3.00E-06 1.00E-06 38
3.00E-06 1.00E-05 67
1.00E-09 1.00E-09 -4
1.00E-09 1.00E-08 0
1.00E-09 1.00E-07 3
1.00E-08 1.00E-09 -10
Methotrexate Dactinomycin 786-0 1.00E-08 1.00E-08 -8 -7.22
1.00E-08 1.00E-07 7
1.00E-07 1.00E-09 3
1.00E-07 1.00E-08 -7
1.00E-07 1.00E-07 -49
5.00E-07 2.00E-08 -11
5.00E-07 2.00E-07 -6
Busulfan Mercaptopurine A498 2.00E-07 200E-06 6 -6.11
5.00E-06 2.00E-08 -8

_2’7_




5.00E-06 2.00E-07 -9
5.00E-06 2.00E-06 -5
5.00E-05 2.00E-08 -8
5.00E-05 2.00E-07 -11
5.00E-05 2.00E-06 9
3.00E-08 1.00E-07 1
3.00E-08 1.00E-06 0
3.00E-08 1.00E-05 -18
3.00E-07 1.00E-07 -3
Azacitidine Thiotepa CAKI-1 3.00E-07 1.00E-06 1 -16.33

3.00E-07 1.00E-05 -2
3.00E-06 1.00E-07 -55
3.00E-06 1.00E-06 -41
3.00E-06 1.00E-05 -30
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1. 98 =3 AA= 23

NCI-ALMANAC dlo]glHlo] 2ol = k& 101709 AEF 6070 ©]o]
E7F lvh o AW A 2] AAUA ol AR wEt U o
o]7} thdk Fool2 " & itk 1#BE B A E T
g FTHEA eV skl FEF AEF Ui BFEAS FEH3A
NCI-ALMANAC dHolE o] 2= ofz3 AXF dolo Foojs Al
st o, I oFE 2D ANEF do|Euo] 2o
st} Rt adER B A BEA dHoHE TEE7] 9

T}

slo] & #d Fooji= PubChemolM F&3A 1, AXF #H Fo

32
i
off
Lo
2
2
=

= Cellosaurusol A =389t 7 A3, NCI-ALMANAC dlo] & H|

Q= 1,69370970¢] AW FHE FEekn, BololE tlEvolz W
g0l AAS Fa 936734700 A BAL
FEHA olF, AN TAL o §5te] Word2Vec RS ¥
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NCI-ALMANAC dlolg#o] 2o A 60712 AEF9 HoAm 17 o
ol fFAAE gAEE 68719 FES 29 130182719 2F¢E FE
SEATH [29]. o] Zhdl AlUAl =3 354870, BIAIA A 29 126634715

FEse] SteveleE THAT GFd ey % Wi SueEL
&

_—

o 4= Kunjie A9 Zyds)as AL o= ndg
Ase A7rekA k. Kunjie 9739 23 g o]~ oz o 2 <
T A FE3 oS mde] Ayl nlush wol gkl A A&
A5 5 A (expression, mutation %)<= CellMinerCDBel A F& = U

ok
)

o3

e
K

o

5 5 Z (drug-target, molecular %)= Python®] RDKit 7] A& A}
o] DrugBank[30]2 5% F&=% At} [29].

o & Ee& 5-fold W4 S (cross validation) 2.2 747} 54 4=3)
st FEEHJAT  d5 BRd AHes AFEr] g AxE=E

ROC-AUC(area under the receiver operating characteristic curve),

=

B

AUPR(area under the precision-recall curve), Fl-scoreE A}-&3}3t}.
ROC-AUC+= True Positive Rate(TPR)#} False Positive Rate(FPR) H]
&2 7|No® Hrisith, TPRS Al AlYA =2 5 AUA=E 53
£ H&ES Yu|etal, FPRE AAl HIAIYA] =23 & AlUA=Z 253

o =3 x3tol H|E&S ondit, ael2E TPR #o| =i, FPR kol

flo
2
g
k1

T5 o F '] Aol % AL 9wgitt. AUPR
(precision) ¥ A& & (recal) 2] H| &S 7|Wto =z 7t AU E= AlY
A&7 o &3 23 F A4 AYA Z¢o v&S gusta, sS4

A AFA 28 T AUAR AT 299 HlEes AUt adEs



o)
el

o
¢
o

0
JJo
To
o)

ut

g

_ZTI
ﬂ

M

bt 2

E

Ry

=

7]

2)

t}. Fl-scores

s

o, % maritt 4ol zfolrt 4]

=y
L

a7l o

th aelEE 2 oA

3

5 7

3

-
T

=
all
_5 I

Fol wE

B7F A

o 4%

1

N
N

}

L=
T

I 47600

tol ®7baksiet.

5]

A7} sk,

RN
[}

o 4

_33_



E 4. ROC-AUC 7|8 o= 2d A5 Hn
Algorithms FENN AE XGB ERT LR
Ref. [13] [14] [16] [17] [19] [20] [22] [24]

0912 091 0914 0.895 0.885 0.895 0.843 0.847
Baseline

+0.004 +0.005 +0.004 £0.007 +0.01 +0.005 £0.007 +0.006

0.924 0.915 0.923 0.92 0.889 0.892 0.881 0.854
Proposed

£0.001 £0.006 £0.003 £0.004 £0.003 +0.004 £0.004 £0.007
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¥ 5. AUPR 7|4t ¢ & 249 A% vl
Algorithms FEFNN AE XGB ERT LR
Ref. [13] [14] [16] [17] [19] [20] [22] [24]

0.402 0.417 0.408 0.339 0.349 0.381 0.24 0.192
Baseline

£0.017 +0.032 +0.025 £0.026 +0.016 +0.026 £0.015 +0.011

0.434 0.427 0.438 0.424 0.371 0.381 0.326 0.196
Proposed

£0.014 +0.025 £0.008 £0.011 +0.013 £0.016 £0.012 £0.004
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¥ 6. Fl-score 7|4t o= 2d X35 H

2l

Algorithms FFENN XGB ERT LR
Ref. [13] [14] [16] [17] [19] [20] [22] [24]
0.359 0.262 0.325 0.224 0.227 0.24 0.272 0.059
Baseline
+0.027 +0.045 £0.039 +0.05 £0.01 £0.019 £0.018 £0.01
0.392 0.313 0.296 0.428 0.271 0.259 0.263 0.064
Proposed
£0.017 +0.052 £0.021 £0.028 £0.016 £0.02 £0.015 +0.013
_ 36 _
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Tue label

1 22000

- AOC00
Unsynergy -
15000
10000
Synergy

True Positive Rate (Positive label: 1}

S000

Unsynergy
Predicted label

Synergy

23 8 FFNN 7|4 &2 mdo %33

1.0 P
-~
rd
P
o
0.8 - PR
-’
’
-’
e
0.6 - P
ROC fold 1 (AUC = 0.93)
ROC fold 2 (AUC = 0.93)
0.4 - ROC fold 3 (AUC = 0.92)
i ROC fold 4 (AUC = 0.92)
,/, ROC fold 5 (AUC = 0.93)
0.2 5 27 — = Chance
,/, — Mean ROC (AUC = 0.924 = 0.001)
0.0 4 L7 + 1 std. dev.
.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate (Positive fabel: 1)

29 9. FFNN 7|8t & 2d el ROC AE
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Large-scale drug combination database
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¥ 7. DrugComb H|o|E ¥ o] A ¢ A]

Cell Drugl Drug?2
Drug 1 Drug 2 S Z B H L Average
line CONC CONC
Pralatrexate methotrexate | SF-268 | 6.77TE-05 | 443E-02 | 27.39 3.53 8.86 6.45 7.14 10.67
6.30E-01 | 5.00E+00 | 27.14 | 13.86 13.27 | 16.79 13.87
AT7519 PF-3758309 EW-8 | 851E-01 | 1.45E+00 | 34.07 17.15 1527 | 1878 | 16.83 19.49
756E-01 | 2.31E+00 | 42.31 16.51 15.38 | 16.62 1451
4.05E-01 | 5.00E+00 | 28.78 | 14.75 14.32 15.7 13.81
AT7519 PF-3758309 TC-71 | 3.64E-01 | 5.00E+00 5.61 7.74 7.25 13.73 11.72 16.44
4.29E-01 | 5.00E+00 | 40.21 17.97 17.03 | 20.39 17.63
Alisertib Trametinib TC-32 | 5.00E+00 | 2.60E-02 | -367 | -053 | -803 | -1347 | -3742 | -12.62
Alisertib ZINC34894448 | TC-32 | 5.00E+00 | 5.69E-02 0.28 4.16 2.39 -3.37 | -26.24 -4.55
Antibiotic
Romidepsin SF-268 | 9.33E-03 | 1.00E-02 | 17.74 | -1.95 | -819 | -525 | -29.07 -5.34
AY 22989
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DrugComb o] & #] o] 2~= PubChem, ChEMBL[36] &

AE dHolHulolags VMo R &

CellosaurusE 7|9k
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¥ 8. NCI-ALMANAC tdl o] g H# o] ~¢ DrugComb Hl o] E # o] ~9]

HolE % W@

NCI-ALMANAC DrugComb
o &
101 3,627
(7h=)
A X F
60 222
(A=)
2%
g o] ¥ 13,962 293,346
(A=)
4 T
i g%]}\ 936,734 8,891,419
(M=)
AFA A EAEA A | AR A | HAER A
s} <+ d o] H
. 3,048 126,634 52,094 426,962
(M=)
130,182 479,056

% 2L 5fold WAPFE 475U FAse] o mdel

oX,
ofr

b

= Brtetdn a5 2d Aes Hrtstr] f% AxE A AREE
ROC-AUC, AUPR, Fl-scoreE A&t Kunjie 97319 Z23E H
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# 9. ROC-AUC 7|8t o9& »

=

4 45

ST

Algorithms FENN AE XGB ERT LR
Ref. [13] [14] [16] [17] [19] [20] [22] [24]
Baseline
(NCL 0.912 0.91 0.914 0.895 0.885 0.895 0.843 0.847
£0.004 £0.005 £0.004 +0.007 £0.01 £0.005 £0.007 £0.006
ALMANAC)
Proposed
(NCL 0.924 0.915 0.923 0.92 0.889 0.892 0.881 0.854
+0.001 £0.006 £0.003 +0.004 +0.003 +0.004 £0.004 £0.007
ALMANAC)
Proposed 0.939 0.933 0.931 0.93 0.822 0.823 0.896 0.82
(DrugComb) +0.001 £0.002 £0.001 +0.001 +0.001 +0.002 +0.003 £0.001
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¥ 10. AUPR 7|8 o= »

Algorithms FENN AE XGB ERT LR
Ref. [13] [14] [16] [17] [19] [20] [22] [24]
Baseline
(NCL 0.402 0.417 0.408 0.339 0.349 0.381 0.24 0.192
£0.017 £0.032 £0.025 +0.026 +0.016 +0.026 £0.015 £0.011
ALMANAC)
Proposed
(NCL- 0.434 0.427 0.438 0.424 0.371 0.381 0.326 0.196
+0.014 £0.025 £0.008 +0.011 +0.013 +0.016 £0.012 £0.004
ALMANAC)
Proposed 0.763 0.742 0.737 0.752 0.382 0.376 0.589 0.352
(DrugComb) £0.003 +0.006 £0.002 +0.004 +0.008 +0.005 £0.005 £0.003
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¥ 11. Fl-score 7]|dF o & &

Algorithms FFNN AE ERT LR
Ref. [13] [14] [16] [17] [19] [20] [22] [24]
Baseline
(NCL 0.359 0.262 0.325 0.224 0.227 0.24 0.272 0.059
£0.027 £0.045 +0.039 £0.05 £0.01 £0.019 £0.018 £0.01
ALMANAC)
Proposed
(NCL- 0.392 0.313 0.296 0.428 0.271 0.259 0.263 0.064
+0.017 £0.052 £0.021 +0.028 +0.016 £0.02 £0.015 £0.013
ALMANAC)
Proposed 0.67 0.614 0.587 0.655 0.061 0.054 0.392 0.111
(DrugComb) +0.006 +0.011 +0.006 +0.009 +0.003 +0.003 +0.003 £0.002
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(a)
Potential Synergy Search

Combination Drug Cell line
(+)-BICUCULLINE ACAMPROSATE SK-MEL-5
(b)
Prediction Result
DRUG1 DRUG2 Cell Line Prediction Result Probability
(+)-BICUCULLINE ACAMPROSATE SK-MEL-5 Synergistic effect 0.843
(c)
Drug Information
Name Description Smiles Synonyms References
(+)-BICUCULLINE Bicuculline is a benzylisoquinoline alkal CN1CCC2=CC3=C(C=C2C1C4C (+)-Bicuculline; bicuculline; d-Bi https://pubchem.ncbi.nim.nih.go
oid that is 6-methyl-5,6,7,8-tetrahydro  5=C(C6=C(C=C5)0CO6)C(=0)O cuculline; 485-49-4; Bicculine; Bi v/compound/10237
[1,3]dioxolo[4,5-g]isoquinoline which is  4)0CO3 cucullin; Bicuculline (+); UNII-Y3 https://www.ebi.ac.uk/chembl/c
substituted at the 5-pro-S po [more] 7615DVKC; NSC 32192; C20H17 ompound report card/CHEMBL

NOG6; EINECS 207-619-7 [more] 417990
https://www.genome. jp/entry/C

09364
(d)
Cell Line Information
Name Synonyms References
22RV1 22Rv1; 22RV1; 22Rv-1; 22rV1; CWR22-Rv1; CWR22R-V1; CWR22-R1;  https://web.expasy.org/cellosaurus/CVCL 1045
CWR22Rv1; CWR22R https://depmap.org/portal/cell line/ACH-000956

https://cellmodelpassports.sangerac.uk/passports?q=SIDM00499
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‘(+)-BICUCULLINE’,

)

A 12(a)9] o Al A = &
‘ACAMPROSATE'¢®} Al¥®5 ‘SK-MEL-5 Z¢& AH&3dd. 29
12(b)] dAlell &= k& (+)-BICUCULLINE', ‘ACAMPROSATE’$} Al
X5 ‘SK-MEL-5 %9 Z3E HolFtu. ‘(+)-BICUCULLINE,
‘ACAMPROSATE’, ‘SK-MEL-5 %% AlYA &37} = Ao
Z59la, dF Aol 3 FES 843% A AL o g &
BEE(Biomedical Entity Explorer)© A& 7|02 oA 74
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BIKE BEE Login Register Overview  Tutorial
Result
[BICUGULLINE] intersection [ACAMPROSATE CALCIUM] intersection [Cutaneous melanoma]
Do you need multi-column ordering? Press shilt key and click on a columnl
[ copy || csv || Excer || PoF || Print
Show |10 + | entries Search:
Gene “  Matched target gene Gene Co-0CoUrences FOR
sShowing 1 1o 1 of 1 entries Previous I 1 Mext
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Abstract
A study on the development of a method
for predicting the synergistic effects of
anti—cancer drug combinations using
biomedical literature-based feature

extraction

Yongsun Shim
Department of Dental Science
The Graduate School

Seoul National University

To reduce drug side effects and enhance their therapeutic effect
compared with single drugs, drug combination research, combining
two or more drugs, i1s highly important. Conducting in-vivo and
in—-vitro experiments on a vast number of drug combinations incurs
astronomical time and cost. To reduce the number of combinations,
researchers classify whether drug combinations are synergistic
through in-silico methods. Since unstructured data, such as
biomedical documents, include experimental types, methods, and

results, it can be beneficial extracting features from documents to
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predict anti—cancer drug combination synergy. However, few studies
predict anti—cancer drug combination synergy using
document-extracted features. In addition, there are few databases that
predict the potential synergy of undiscovered anti—cancer drug
combinations by wusing the anti-cancer drug combination synergy
prediction model.

This study presents a novel approach for anti-cancer drug
combination synergy prediction using document-based feature
extraction. The wuse of proposed features yielded higher results
compared to the majority of published studies. Based on these results,
a DPS (Database of Potential Synergy) was constructed by predicting
the potential synergy of an undiscovered anti-cancer drug
combination, and a web application FPS (Finder of Potential Synergy)
that can search the DPS was created. FPS is available at
http://bike—fps.snu.ac.kr.

Using the process and results in this study, researchers can save
time and cost on new anti-cancer drug combination discoveries.
Additionally, since the proposed feature extraction method does not
require structuring of unstructured data, new data can be immediately

applied without any data scalability issues.

keywords : Biomedical literature based feature extraction,
Anti-cancer drug combination synergy prediction, Anti—cancer
drug combination database expansion
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