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[Abstract]

In this study, we propose a multi-class drug—drug interaction (DDI) prediction framework based on the
Mamba sequence modeling architecture. The proposed model consists of three modules—a global autoencoder
(AE1), a Siamese-based encoder (AE2), and a dual encoding module using Mamba (MambaSeparate)—each
of which independently captures diverse drug pair features and integrates them for final classification. A
subsequent Mamba layer further enhances the representation of drug—drug interactions by enabling information
fusion across modules. Notably, the Mamba architecture leverages selective state space modeling to
dynamically control information flow based on input significance, offering efficient long-range dependency
modeling with lower computational complexity compared to transformers. The use of intermediate embeddings
from each module facilitates representation learning at multiple semantic levels. Our framework effectively
captures non-linear relationships and sequential interaction patterns between drugs. Experimental results on
benchmark datasets demonstrate that the proposed model consistently outperforms existing methods across

Tasks 1 to 3, achieving superior accuracy and generalization performance.

» Key words: Drug-Drug interaction, Mamba, Deep learning, Multi-class classification,
Multi-source information fusion
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I. Introduction
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II. Preliminaries

1. Related works
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2, Mamba architecture

2.1 Structured State Space Model(SSM)
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2.2 Selective SSM architecture of Mamba
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III. The Proposed Scheme
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1. Input data and preprocessing

1.1 Drug representation features

7y oFg-2 22 SMILES(Simplified Molecular Input
Line Entry System), target, enzyme®] A 7}x] A=3sh
s}HA EM(Feature) AES 7=t} SMILESE B4
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Fig. 1. The workflow of the proposed architecture.
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1.2 Vectorization and Jaccard index
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2. Multi-module architecture
2.1 AE1 module

= orz HIE(Drug A, Drug B)S ¥Z(concatenate)
&t T wlEjo] thsl] @ &9l (Auto-Encoder)E A&
gkl &3t dlojojolA] Mambalayerg &-85t0] £
S ek, Al MEje} 9B W 7t QA(MSE)S

2.2 AE2 module (Siamese)

Al Y EY I (Siamese) WAlC 2 L/dEl F QEQIS
o7} metulEg Bosteg, oFg @A HuflolE §
U3t 54 o NpE R QR o2 54 o2
% Aol R ABA JuYe s, R A0

O]:}.

F

o o
s

2.3 MambaSeparate module
MambaSeparate R0l F °F29 9 HEH
x4, 255 270 S9A Q] Mambalayero] -S-2tA|7, U]
D i (341 2, 3)8 HSF 0)3 £ MEg
of 215 &3 HH z (A 4)5 A5, AL HAle o
S 2t} 974 ox GELUZE 2Jujgict
hy= MambaLayer(xA) (2
hy = MambaLayer(xp) (3)
:=o(WIhA | hB]+b)  (4)
oJ7]A] Mambalayer= Selective State Space T
= 7Iftez §tH, o A FRe w0 Tt HEE
MeHoR FaA7le 7422 2t ol AuHoR:
Cheat 22 Al (gating) WA BAY 4 olck
hy=1-g)Oh,_+ g0z, where g,=0(W,u,) (5)
9j0] 4] 5= @x) AV} A2 o ofFl el k-,

Aole] g MEso R Ayt PAS Uehdct A

B

|ru

>

~



Leveraging the Mamba Architecture for Multi-Class Drug-Drug Interaction Prediction 51

OIS MH o f YAl AEE Ak, 2. ol 1o
Vess @A S o ol wegst, 0cf 7171

2 3] Jus 9k Wako @ AMEsich

2 2 Hu

o A0 Aetn A 5 g0l 4] olEA

&3 AR AZ(Information Selection)of] gitRlo|ch

oleiet SO ol AN 4402 THE oFR
]_

502 S| Mamba 727} 2 E30] SefaHA
xrgat A ojc). ®3F A 7Ho] AIMA Mo LRE2 Ea)
A BEE qustn. 2 2 ol 2 2

FAS VI o2 TR E AL ] 9F
AN

3. Multi-source fusion and DDI classification
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3.2 Final classification layer
= O
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IV. Results and Discussion

H AJLoA= Deng et al.[13]0] DrugBankojA] £%]

gt 27N Hole & &8st sig HlojE: § 57289
oF=(Drug)e 2, & oFz9] A sA-8(DDI) JES
M
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7F 29I oHIE el 65508 R0, T
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(mechanism)S E3HsiCY,

2 AFoIA AQtel= BHo] 52 H71oH] Yo, A
&2 A 71K AA(Task 1, Task 2, Task 3)ol|A] Z138%]

9100} 7} Taske| o] T}aa} 2t}

® Task 1: 7]Eo] L2l oz It J2AE A%
(known drug - known drug)

o Task 2 7|E OFgut A2 O 7t YEALE o4
(known drug - new drug)

® Task 3: |22 OF= 7F A5 ArR o= (new drug
- new drug)

BE ASO 5-fold cross-validationg 7]gko 2 438
golon, Ae=(Accuracy), FE-AHH =41 off HA
(AUPR), ROC olzf WA(AUC), Fl-score,
Precision, Recall® 79 H7} Xz 83190} v
tjAto 2= DDIMDL[2]u}, MDF-SA-DDIE XAyt
ol B A olgRE e T KIS mestolr)

A, DDIMDLLS SMILES, Target, Enzyme,
Pathway% o]X] Wg|2 #®JSH H, Jaccard SAL=et T
= HAEE(MLP)E 0]8235}9 65-class DDI oJHIEE o
k= &7|3(multimodal + MLP) T 2@o]c}, =
clolEAlu} A YAl(Task AA)S 1HZ &8
o], 45 HluE A3t 7|& L (baseline)2 Adstct.
=4, MDF-SA-DDI= Th& AA 9FE Z3KSiamese,
CNN, AEl, AE2)1} EmNART self-attention 78t E4
Y= Agt E“i Aler ey FA A9,
feature, 7} AR} 2t

E3t & 2 R 37 27} AlsE]of Aol &H
Eo} A= Ak vl ez AAsh Sast 7|%o] &

-
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olgd
1=Ni|
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Table 1. Performance comparison on Task

Task1 ACC AUPR AUC F1 Precision | Recall
Ours | 0.9460 | 0.9746 | 0.9988 | 0.8855 | 0.9144 | 0.8700
MDF-

SA- | 0.9301 | 0.9737 | 0.9989 | 0.8878 | 0.9085 | 0.8760
DDI

DDI

MDL 0.8852 | 0.9208 | 0.9976 | 0.7585 | 0.8471 | 0.7182

B 12 7|80 g8Al oF= 7t A AR (known drug-

known drug)2 o&3sh= Task 19] A3 AutE v|wsh
Zolct. slig A2 Al Lo tfsl] sk = be-b, Ul
A 37] = 128, EFokx Hlg = 0.5, o243 4 = 80, &

E 0130 23 1Y = 256 02 AAJslo] S152 43
qon, BE BEe FUF toly gyt H7 V1% of

ol
-

o] vl &} Aotsh= wele Accuracy, AUPR, AUC
S A RROA 7]E 2 O] A6 HIE dsS
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B9tk Aer = 0.94600.2, MDF-SA-DDI(0.9301) ©f
"] oF 1.6%p, DDIMDL(0.8852) thHH] 6.1%p = LR
o, AUCE 0.9988% ZIA| 7/ A= =7t U9 =%ttt
AUPR E3 0.974602 A 29 & 7P Q430c} ¢Hd,
Fl-score®} Recalle MDF-SA-DDIet SASE &0 2
UERF O, Precision2 0.91442 714 w=of 2llo] o
£33t A}3ALR = AlM| AFARR Ol shgo] =09 ojulst

. §%, DDIMDLE Ayhso2 2E A|ZoA e 4
5= Helon], £35] Recall(0.7182)2}F F1(0.7585)01A4] 7}

A 2 Aol ML) of2lg ATt Mamba 73t A7}
NE o2 JOﬂ qﬁr 4E28 RYE uct G 45

ARl FHA 71E 23S

Table 2. Performance comparison on Task?2

Task2 | ACC AUPR | AUC F1 Precision | Recall
Ours | 0.6658 | 0.6729 | 0.9695 | 0.5490 | 0.6371 | 0.5125
MDF-

SA- | 0.6633 | 0.6776 | 0.9497 | 0.5584 | 0.6547 | 0.5078

DDI

DDI

MDL 0.6415 | 0.6558 | 0.9799 | 0.4460 | 0.5607 | 0.4319

o ol 5, Hijx] 7] = EEokx Hl&
= 0.5, OﬂiTL__ 2 =100, Q& °l3H %E_ﬂ, i}ﬂ = 70002
XSt shSE 48U5HYith Accuracy: 0.6658%
MDF-SA-DDI(0.6633)2} -S-AFst9dal, Precisiony} Recall
T AR WY vRet 255 fAI5IIH. Fl-score
0.54900.2 MDF-SA-DDI(0.5584)H Ch= k7t wroroit
DDIMDL(0.4460)0]| H|3[A+= F&et /ds Aol EoiTT.

Table 3. Performance comparison on Task3

Task3 | ACC | AUPR | AUC F1 Precision | Recall
Ours | 0.4385 | 0.3889 | 0.9402 | 0.2401 | 0.2772 | 0.2266
MDF-

SA- | 04338 | 0.3873 | 0.8630 | 0.2329 | 0.2715 | 0.2226

DDI

DDI

MDL 0.4075 | 0.3635 | 0.9512 | 0.1590 | 0.2408 | 0.1452

- ¥t Zlojot. o] A ¥ HlojEof Exﬁﬁm %
o) O -]‘— o J.L=]

= 0.5, OﬂiTL__ 2 =100, Q& °l3H &3 XY = 70002
ARste St skt Aokt w2 AUCOA
0.94025 7]E51H, MDF-SA-DDI(0.8630) &t} oF 7.7%p
i\l 215 Bk Accuracy(0.4385),
AUPR(0.3889), Precision(0.2772) %3+ MDF-SA-DDIY.
ot AZ =4  Uepty,  Fl-score(0.2401)9}
Recall(0.2266) DDIMDL(0.1590, 0.1452) ths] 9jo] 9}
L Nu AL walr) o]a)st Ak F|okst Mamba 7]
gt LRV} Al 2& oFExof gisia e BASH Als AR o

O

82 Furog shsin], 715 Bl ] S o) Al
o} 38 T BE H5e 9AF 5 98 HojEr,

Comparison of Model Performance across Tasks
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Fig. 2. Comparison of prediction performance across
Tasks 1-3 in terms of Accuracy, AUC, and F1-score.

13 2= Al 7HA] Task(Task 1~3)of] tis Aot =at
71& ©E(MDF-SA-DDI, DDIMDL)9] Accuracy, AUC,
Fl-score ‘g5 vlugh 24E UERAC 2E Tasko]
A A 2L 7|E B o] AW OR Lo Yae
AUCE 7]Z319100, 53] Task 3417 SFB-AI7} o2
AZ)IAE o] Boh AL 94 A5
o}, ol AQtet Mamba 78 157} 37] 9E o
ores mFolN wr} GIHOR AHES AN

St Task 22} Task 30]|4+= Fl-scoreZt ARl o2
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Table 4. Comparison of training time across Task 1
to Task 3

Model Time(h)
Ours(task1) 1.9
MDF-SA- DDI(task1) 2.03
Ours(task?2) 1.87
MDF-SA- DDI(task?2) 2.61
Ours(task3) 1.2
MDF-SA- DDI(task3) 1.83

of 8 AR AZEE ulwdt Auolck BE UYL Intel
Xeon Gold 5120 (2.20GHz) X2 % NVIDIA GeForce
RTX 4090 (24GB) GPU7} FAiE Ae{oflA] se8=|Qlo,
Ubuntu 22.04.1 LTS 9|42} CUDA 12.2 €730jA]
St Aled=| ). Task 104 A BHlo] 1.9A17E,
MDF-SA-DDI= 2.03A]7F0. 2 oF 7%9] &hs A7t &
o] o 2ojArt. Task 204 Atol7t B E3iapA Lk
U, Aot malle 1 87A17F, MDF-SA-DDI= 2.61A]7FC.
2 oF 28%°] ARRF B 2Pyt SRIEQIT. Task 30fA]
= AIgh Bslo] 12A7k0R TV e o ARLE 712
5t o, o]+= MDF-SA-DDI(1.83A]7hHEC} OF 34% it
2 450t

ol2{gt Auk= A|Qket Mamba 7]¥F {1527 EsfA R
719F 2E ofy] AAF B EE abRlor Foli, HE A
2] 880 =2 AdRlo g SIeRRitt. 55] o &
© 2 X2]5l= MambaSeparate &
59| L&A TheAut MERA AREJ 7RA] vRAlo] sk -84
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