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Abstract: Alzheimer's disease (AD) is a neurodegenerative disease that seriously threatens the life of the
elderly and there is no effective therapy to treat or delay the onset of this disease. Due to the multifactorial etiology
of this disease, the multi-target-directed ligand (MTDL) approach is an innovative and promising method in search
for new drugs against AD. In order to find potential multi-target anti-AD drugs through reposition of current drugs,
the database of global drugs on market were mined by an anti-AD multi-target prediction platform established in
our laboratory. As a result, inositol nicotinate, cyproheptadine, curcumin, rosiglitazone, demecarium, oxybenzone,
agomelatine, codeine, imipramine, dyclonine, melatonin, perospirone, and bufexamac were predicted to act on at
least one anti-AD drug target yet act against AD through various mechanisms. The compound-target network
was built using the Cytoscape. The prediction was validated by molecular docking between agomelatine and its
multiple targets, including ADORA2A, ACHE, BACEIL, PTGS2, MAOB, SIGMARI1 and ESRI1. Agomelatine
was shown to be able to act on all the targets above. In conclusion, the potential drugs for anti-AD therapy in the

database for global drugs on market was partially uncovered using machine learning, network pharmacology, and
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molecular docking methods. This study provides important information for drug reposition in anti-AD therapy.
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Figure 1 A schematic representation of two different drug discovery processes. A: Traditional drug discovery and development; B: Drug

repositioning. Traditional de novo drug discovery and development involves a 13-15-year process. Drug repositioning decreases costs and

time to launch, and reduces safety and pharmacokinetic uncertainty frequently associated with traditional drug development
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Figure 2 The analysis of protein-protein network of Alzheimer's

disease (AD) related targets by STRING
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Figure 4 The constituent-target network for potential anti-AD marketed drugs. The blue rectangle means marketed drugs, and the pink

means predicted drug target
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Table 1 Basic information of AD related targets

Target symbol Target name Classification of target
ACHE Acetylcholinesterase Cholinergic system dysfunction
BCHE Butyrylcholinesterase Cholinergic system dysfunction
CHRM1 Muscarnic m1 receptor Cholinergic system dysfunction
CHRM2 Muscarnic m2 receptor Cholinergic system dysfunction
CHRNA4 Nicotinic acetylcholine receptor a4 Cholinergic system dysfunction
CHRNA7 Nicotinic acetylcholine receptor a7 Cholinergic system dysfunction
GRIAL a-Amino-3-hydroxy-5-methyl-4-isoxa-zolep-propionate 1 receptor Glutamate/GABA system dysfunction
GRIA2 a-Amino-3-hydroxy-5-methyl-4-isoxa-zolep-propionate 2 receptor Glutamate/GABA system dysfunction
GABRG1 Gamma-aminobutyric acid A receptor Glutamate/GABA system dysfunction
GABBRI1 Gamma-aminobutyric acid B receptor Glutamate/GABA system dysfunction
GRM2 Metabotropic glutamate receptor 2 Glutamate/GABA system dysfunction
GRM3 Metabotropic glutamate receptor 3 Glutamate/GABA system dysfunction
GRIN1 N-Methyl-D-aspartate receptor Glutamate/GABA system dysfunction
APP Beta-amyloid precursor protein Aggregates of amyloid-f peptide
BACE1 p-Secreatase Aggregates of amyloid-f peptide
PSEN1 Gamma seretase Aggregates of amyloid-f peptide
HSP90AA1 Heat shock protein 90 Hyper-phosphorylated tau
CDKS5 Cyclin-dependent kinase 5 Hyper-phosphorylated tau
GSK3B Glycogen synthase kinase 3 beta Hyper-phosphorylated tau
MAPT Microtubule-associated protein tau Hyper-phosphorylated tau
PIN1 Peptidyl prolyl cis/trans isomerases Hyper-phosphorylated tau
HTRI1A 5 Hydroxytryptamine 1A receptor Serotonergic system dysfunction
HTR2A 5 Hydroxytryptamine 2A receptor Serotonergic system dysfunction
HTR3A 5 Hydroxytryptamine 3A receptor Serotonergic system dysfunction
HTR4 5 Hydroxytryptamine 4 receptor Serotonergic system dysfunction
HTR6 5 Hydroxytryptamine 6 receptor Serotonergic system dysfunction
MAOB Monoamine oxidase B Oxidative stress
MPO Myeloperoxidae Oxidative stress
PDE4A Phosphodiesterase type 4A Oxidative stress
PDE4B Phosphodiesterase type 4B Oxidative stress
PDE9A Phosphodiesterase type 9A Oxidative stress
MAPKS8 c-Jun N-terminal kinase-1 Neuroinflammation
MAPK9 c-Jun N-terminal kinase-2 Neuroinflammation
MAPK10 c-Jun N-terminal kinase-3 Neuroinflammation
MAPKAPK3 p38a mitogen-activated protein kinase Neuroinflammation
CHUK Nuclear factor kappa-B kinase alpha Neuroinflammation
IKBKB Nuclear factor kappa-B kinase beta Neuroinflammation
NOS2 Inducible nitric oxide synthase Neuroinflammation
PPARG Peroxisome proliferator-activated receptor gamma Neuroinflammation
TNF Tumor necrosis factor alpha Neuroinflammation
ADORA2A A2A adenosine receptor Neuroinflammation
ALOX12 12-Lipoxygenase Neuroinflammation
PTGS2 Cyclooxygenase-2 Neuroinflammation
PPID Cyclophilin D Mitochondrial dysfunction
PDHX Pyruvate dehydrogenase Mitochondrial dysfunction
ACAT1 Cholesterol acyltransferase Other
COMT Catechol O-methyltransferase Other
ESR1 Estrogen receptor a Other
HRH3 Histamine H3 receptor Other
HMGCS1 3-Hydroxy-3-methyl glutaryl coenzyme A reductase Other
IDE Insulin-degrading enzyme Other
SIGMARI Sigma-1 receptor Other
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Table 2 The typical examples of multi-target constituents. The marked targets have been experimentally verified

CAS number Compound name Structure

Drugbank

Predicted target
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@QE
ﬁi
X
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|
N
CH,
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HO OH
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SN0 S~
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O/©
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N
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138112-76-2 Agomelatine /q
o
76-57-3 Codeine
CHs
50-49-7 Imipramine

HCAR3, HCAR2

HRHI1, HTR2A, HTR2C,
CHRMI1, CHRM2,
CHRM3, HTR7

PPARG, VDR, ABCCS,
CBRI1, GSTP1

PPARG, ACSL4, PPARA,
PPARD, RXRA, RXRB,
RXRG

ACHE, BCHE

PGR, AR, ESR1, ESR2

HTR2C, MTNRI1A,
MTNRI1B

OPRCHRMI1, OPRK1,
OPRDI1

SLC6A2, SLC6A4,
HTR2A, HTR2C,
ADRAIB, HTR7, DRD2,
KCNH2, SLC6A3,
HTRIA, HTR6, KCNHI,
ORCHRM2

TNF, ESR1, ADORA2A,
ACATI1, ACHE, BACEL,
PTGS2, GABRGI1, GSK3B,
PDE4A, GABBR1

HTRI1A, HTR3A, HTR6,
MAPT, ACHE, BACEI,
BCHE, CHRM1",
CHRM2", MAOB

TNF, MAPT, ALOX12,
ESR1, ACHE, APP,
PTGS2, GSK3B, NOS2,
MAOB

ADORA2A, ACHE,
GSK3B, NOS2, MAOB,
CHRM2, GRM2, ESR1,
TNF

HTR3A, ACHE’,
CHRNA7, BACEL,
BCHE’, GABRG,
MAOB, CHRM?2,
PPARG

ACHE, APP, BACEI,
PTGS2, GABRGI,
GSK3B, MAOB,
MAPKAPK3, ESR1"
HTR2A, ADORA2A,
ACHE, BACEI1, PTGS2,
GABRGI1, MAOB,
SIGMARI, ESR1

HTRIA, HTR2A, HTRS,
ADORA2A, ACHE, APP,
BCHE, SIGMARI

HTRIA', HTR6',
ADORA2A, ACHE,
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Continued
CAS number Compound name Structure Drugbank Predicted target
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N ACHE, BCHE, PTGS2,
= GABRG1, MAOB
(o]
CHg
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4 ’ EPX, CALR, ASMT,
H NQO2
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N
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N
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o 0 ""CH,

HDACI10 ACHE, APP, BACEI,

PTGS2", MAOB, ESR1
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Figure 5 Examples of the top 15 good (A) and bad (B) fragments for ACHE inhibition as estimated by NB(ECFP_6) model. The Bayesian

score (score) is given for each fragment
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Figure 6 The proved targets and predicted targets of tacrine (A),
memantine (B), donepezil (C), rivastigmine (D) and galantamine
(E). The blue circle means experimentally validated targets and the

green circle means predicted targets

2 Z0R S M B8 AN == A A A FE B 4 b T S
G, JEIR R IX B 25T Rl i T A A A
S S0 B R PR BRI E IR, Ath B MR AN 36 4 IR A 43
B ST 6 A p, HoA O ARE R SO — B
RTI T & 88 U8B, B2 & T & i e B e gt 1
A o
4 HFERIIE

Tooil &5 R 2 B, B X FVT (agomelatine) 1] PAAE
T 91~ AD Ml 5% 8 i, 9 45 HTR2A, ADORA2A .
ACHE.BACE1.PTGS2.GABRG1.MAOB.SIGMARI
FIESRI, Ut BRI 335 47 7T AT R @ i 12 2 A6 5 R 40
REPR A5\ 5-7% (0 iz e 3 4t D e i L 15 2 BR/GABA &
Sy Re R NG, 7 BR p-UE AR B A, S A A SO
RERKIEPLADVEH -« 8 1d 7E PDB i % 48 i K
F1, JLIRAG 7 AN 0T T 43 7 0 B A B 508 1 1) o AR
¥y, £ 4% ADORA2A .ACHE.BACE1.PTGS2.MAOB.
SIGMARI  ESR1, i iif & 37 4 7 %F B B 8, 43 b 1k
SRSy SR S A A TS . TEAG S o R
AT 53 F S B T B3 2 Wi, R L R A 4 ) R R T AR R AT
re-docking 56 1IE, 18 i TH B 42 5 BCAR 5 AR i e AR
[ 25 ) AL A, 1F 5 RMSD 1, 4 RMSD<2.5 i, 5 B
MG RREAEN. NRIPHE R AR, H
RMSD fH /N T 2.5, LB 43 1 X 2 vF 5 45 B 2 nl &
M. Libdock score g7~ T HCAA 58 585 1 SR 145 &2
£, 117 4 1A, BT 3EH VT 5 ADORA2A FI PTGS2 )
XL o fER IS T R B . ASCIEE T Libdock 25 5
500 2 5 R VTN 4 R B U IR 4 AN EE R A 0
ADORA2A.PTGS2.MAOB 1 SIGMARI1, ] CDocker
R 73 0 45 7 VESIE 1 R RS hT 51X 4 /N S R
H AR AR, 45 R0 4 7, ~CDocker energy 4575
Fe s 540 s B R I S5 A e 0, FUE B R, SR 4G G Rk

Table 3  The target used for docking and their PDB ID, RMSD
for validation and Libdock scores of agomelatine and the co-crys-

tallized ligands

PDB . Libdock score Libdock score of
Protein RMSD ) . i
ID of agomelatine co-crystallized ligand

3UZA ADORA2A 1.0892 100.137 86.894 2

4EY7 ACHE 0.511 6 126.094 154.021

2QU3 BACEI 0.945 3 92.892 5 112.85

S5IKQ PTGS2 0.4510 108.46 93.4915

6FWC MAOB 0.376 0 135.596 137.039

5SHK1 SIGMARI 1.5211 104.074 109.029

6CHZ ESRI1 1.574 0 86.047 148.189

Table 4 The target used for docking and their PDB ID, RMSD

for validation and — CDocker energy of agomelatine and the co-

crystallized ligands
-CDocker —-CDocker energy
PDBID  Protein RMSD energy of of co-crystallized
agomelatine ligand
3UZA  ADORA2A 0.9013 21.417 18.752
5IKQ  PTGS2 0.3315 22.0777 30.449 5
6FWC MAOB 0.2413 19.880 3 34.867 1
SHK1  SIGMARI1 0.4885 21.578 5 28.530 8

J1ikeE, B X347 7T 5 ADORA2A [ 45 4 fig 118 it %
BE AR R EC AR, 5 A 3 AN AR A A R A
SEFIRE 7. B 7 284 TR e 3 iy VT AT DL S L Pi
B TERE M RG2S T
T 25 R AT e .

g

25 IR W ) 52 56 2 W 9 B B 24 A 7 BT I
B B 13~ 15 WIS 18], 2P 3 AR TE 20 12 ~30 12
I PO St — AN K R MERD & SRR . S R
558 W DR AR B 2R R 2 4349 8 AN W 30 - A1 3 T 48
e BT 25 R B R SR Al e AIH 25T 4R 7R, 24
W EE 58 DLAHRT TAE GE I 25 )42 98 K i, © 258 i % I
A P A SEE: | OK B B ERAE AT DA R I PR A A
I, SxF 25 )3k 47 FE E A W] D4R A0 245 Wi ORI T gk /b
FRAR, AR KRR BE B RRAR T 87 291 R 1% AU 3 HL AT BASR
B KGR ST B, A SCR A S5 = 0T
HAEE LY 2 8 S HT AD TN SF &, X4k BT 254
AT T I, DU R BB A E L ADEF I |
Wi 254, N BT 259 bt AD 1E Al & w2 47 4% 4 8 % A
A

B AR AD R NLEIE 2% B A B, (A O E T
K BGEIERITIER K AY 550 A0, R84
i pUENMFE R 1 0T tau 25 (1 L IHBR R 2 4 B =R %
S-Sk 2 BIERZAAR RS EIRER 2. S
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Figure 7 The receptor-ligand interaction of agomelatine with the
active site of ADORA2A (A, B), PTGS2 (C, D), MAOB (E, F),
SIGMARI (G, H)

T REL e s e T Tk FEL R G 8 -, B~ - 23 VA TG L B fr R
T A RN B i S AL B 25 . 5 AD 9 BEAL I ook v
KMV 2R, Bl N2 SR ADRIT AN A, i E
B AL HE AT EEVE A 2 SORE AN LR b A5 1
. BT AD RO B Ak M RO HOA R AT R
P, 2 8 RUE A FC AR BOVR 23 9 Bt AD 2590 R I AR A
M %, H AT &I R 24N 01 T8 97 BT R %Kit B
I3 (R TE 22 B8 R A1 BC AR BT, S 2 88 5S40 AD 254 1)
R TR AL T B A4

ARSI S0 45 SR ok, KB4y bl 243 vl AR
T 2 88 5P AD T ST & 7 R 8E 2, ARk 13

AN SRS R] DUE ISR T 2 A AD A OG0 3 72 k75
YRR ) BT 259, F3F 40 1T FLAE Drugbank 204 e ik
FRO A FH A A S T B A5, (A A5 S 2, XS 2y e
Drugbank %45 B¢ w1 itk (1) CA6GE (0 7E - EE s SR 5
AD 2 H AL & 75 AR S 58 = A E (1 Bt AD 41 r Tl %
G, JLF- B OB, AR T ARSI S £
LS PUAD I ST EEM . K, #EER (cur-
cumin) #% 7 & 7 /E B T TNF. MAPT. ALOX12,
ESR1.ACHE.APP.PTGS2.GSK3B.PTGS2 1 MAOB
X 10 AR A, P27 22 30 3% 0 gl i 2 B IR AE R 4 )
REBR g, WD p-UE M FE R TR, S0 tau B 0 RS
FR AL, 80/ AL B P RE SR RAE BT ADAER . i
R R E R T 2 Z NPt AD HRkIE, 4 4h L E0s
I F AR AB B AR AR AR, A8 Y B A 4
R AB B, 187~ 2238 32 T ReAFE T AB A2 B i 3
AT, S RGO, AA R RiEZR TR AK
5 ¥ Jii S AL (monoamine oxidanse, MAO) 11 ] 71| )
1 F, 18 v /I BRAS 7] i DX 5R fig 366 ol 1) 5 = AT e
PRI R RE PRI, Wang S840V I 22 3 2% AT LA D> COX-2
IR J5 Ji 28 4 I P B 1 1Y) 3R >k R # PPAR-y B0 711
(IAE F, JE I 38 0 PPAR-y [ 3 38 F P& IR NF-xB i 14 Ik
B2 AR S I SRR TR R J5T 4 B P 4 i S B, 3k T
ZRft AD BB E MR . Zhang SR I 22 5K X AB M N
N VES BT SCAD B K BB e H R B A R EH,
RE 58 SOD W 1, $& M ML T B bl JE S AL 1 DI RE, 6k
D H 2N NO MDA I 7 &, B 40 B i i ot i 8 4k
FRIE . KESCHRIRIE 1) 23 =91 ADEH 5 A UK T
W FAR A, $7R 2208 1 AT e o 2 8 s Pt AD
2.

T ¥4 HIEH (rosiglitazone) J& — Ff I T 5038 JiE 5 &%
HEBL, 69T 2 BB PR I BT 254, 4 TOI H T AR T
ADORA2A.ACHE.GSK3B.NOS2.MAOB.CHRM2.
GRM2.ESR1 I TNF 9 /M8 55, $27 % 4% 51 il 7] G i
it & 5 I RS R G Th e e hS 5 U ER/GABA RS RE
R, F01H] tau 2 O FEBERR AL, 0D EAL R o2 58
SER KDL ADAER . Z HiXS AD I K 28 T
AB TR tau B i BE B IR AL, Bt 5 AF 98 IR N, AT
ZEWA IR B AD 7] B A — P b i R I 2% A i B B A AR
KT HRPUA T AR 00, AD 51 5 = ARPT AT EL
MBI A 1V 2 JLRIRFAEN o I 4 5K 6 T i B R HCPUAI
AD I FEANRE R 2 . Xu SEBUR I 2 4% 71
] DA 751 44 ) 7 SIS AR, B R AR S K R g2
bt 2 H SR 56 Az BILIE AB, TR R AR S 1 KP4
[Rl-F IL-18 F1 TFN-y 7K >F 59 386 0, $2 7 400 1) 98 9 s o7 v
RE ST D H B TR BT B AB,, 5 FR AR T 1 icAZ S i) AR
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FANLHI B — B 5o Song SEU41 A I 27 4% 41 i ] DA o 5
— H LR /N B AD A 1) 2% 28 12 98GR A Tau 2
R B R R AL . B R FIIR A B 2 A 4 OR A 4
FHHN AR TEEM B E IR IT AD B 259141,

TE 13 A8 T o 2 88 S5 HT AD (1) BTl 259
H2A80 BT B PUHIAR 2, BT 55 Bz VT R K e B
(imipramine). H #T, A M XU 7R, PUMAL G R A
— 58 3R AT AD IR, AR R R b A BT
AR 25 N T 56 Bhi6 97 AD, HEUE — & B, &
SR B RTIE B TR 32 H7T H T16 97 AD [ AH G
Fi, (& AR ST T &5 R, Bl XS hyT/E T
HTR2A.ADORA2A.ACHE.BACE1.PTGS2.GABRG1.
MAOB.SIGMARI1 1 ESR1 iX 9 AN fti, 156 BA Bi] & 35 47
7T ] figE i 48 BB AE 2R G0 Th e BT . 5- 54 (AU % RE R
GiThE RS . EIR/GABA R 48 D) B S, 15 1% -1
AR EE L, SR A LI P 2 JORE S 22 B A 2 T R R
RAEGUADVER « R 4> T X8 07 3%, AR SCHIE T Fif
SRV 5 TN S A SR L, A TR B
SERE R, Phidk H R B 5B A ] SR S S BT 45
4, H ADORA2A F1PTGS2 AN 1 5 fif X FE HvT &5
HFT AR T E AR A . MWZ TS FE R,
B X & YT AT g — AV FE I AT TR T AD I 2 H
Y, LR N RAME F IS VIR T B IR

gx B RTIR, A SCR R S50 = A @ 2 Pt AD £
B ST 5, XA ER BT 25 B AR AT T T, I
M BARERMERAHER T 2 A0 p) iy
YIAT G i . TR I, B XS VT AT 2 4
MEZBFEREDAD MAEM, RIRANTF IR E Z
SR o RIS R o At b T 25 1 A SR A

Bt s B SN O (i R R O o R
4 FR BT 2 B JE (http://pharmdata. nemi. cn/globaldrugs/

index.asp).
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