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DVT risk prediction via Mamba self-attention and multimodal fusion

Xiao Lianyu'® Lu Xiangyan'
(1. School of Computer and Electronic Information, Guangxi University, Nanning 530004, China;

2. The First Affiliated Hospital of Army Military Medical University,Chongqing 400037, China)

Abstract: Deep vein thrombosis can potentially give rise to severe complications like pulmonary embolism, which poses a threat to
the life safety of patients. Therefore, early prediction of DVT risk holds significant clinical implications. However, current DVT
risk prediction methods mainly focus on only predict using either single-text or single-image data, and there are few studies which
integrate these two types of modal data for DVT risk prediction. To address these challenges, this study combines the Mamba
state space model with multimodal fusion and proposes a novel DVT risk prediction method based on Mamba self-attention and
multimodal fusion for the first time. This method takes the patient’s ultrasound images and structured text data such as medical
history and laboratory test indicators as multimodal input data. Firstly, a dual-channel feature encoding framework is constructed,
which uses ViT to capture the features of ultrasound images and DNN to obtain the features of structured clinical data. Then, this
paper proposes a multimodal feature fusion framework based on Mamba self-attention. This framework first concatenates the
image and text features to obtain the joint features, and then uses the original Mamba to train the joint features to obtain the
multimodal fusion features. Subsequently, Mamba self-attention, feedforward network, and CNN are designed to extract and fuse
global and local, high-level and low-level features of multimodal data, thereby preserving the original multimodal features from
multiple perspectives. Finally, multi-level MLP is used for feature dimension reduction to obtain the DVT prediction results.
Comparative experiments were conducted on a clinical dataset with 13 other combined models. The results show that this model
outperforms the others, with an AUC of 0.912, an average improvement of 11.97% compared to the single structured data
model, and an average improvement of 13% in F1 score. Compared with the traditional single image data model, the AUC is
improved by an average of 14. 7%, and the accuracy and F1 score are both increased by more than 20%. Among the multimodal
comparison models, this model outperforms the ResNet and Transformer fusion model (AUC=0.871) in terms of accuracy.,
precision, recall, and F1 score by approximately 6%. Compared with the same-structured Transformer hybrid model, the AUC
and the other four performance evaluation indicators as well as the model inference speed are all improved by more than 20%. The
results indicate that the model proposed in this study provides strong support for the early prevention and prediction of DVT and
has good application prospects and clinical value.
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The architecture of Mamba-based self-attention and multimodal fusion model (M_MATT)
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60~80 110 63
>80 25 10
FYEEH R MY (X +5,mg/L) 17.84434. 56 3.77+4.48 <20. 001
D “EMEKFE(X +5.mg/L) 7.50+14.13 0.98%+2.02 <0. 001
WM B R A A (X £ 5, 9) 11.9542. 96 11.2141. 34 <<0. 001
T AR A3 B8 AL 5 R TR (X £ 509) 29.01+19. 60 27.8943. 24 0.418
S Y T R e g T
142 67 26 <£0. 001
0-7 133 176
T i 2
1-J& 58 18 <€0. 001
0-7% 142 184
1= Ui
1-J& 87 65 0.019
- 113 137
TR e Ak
1-J& 43 15 <<0. 001
0-% 159 187

o 148 -



HiEdH .45 FT Mamba A& A A RE 6 DVT K s Fn

509 1

B Xk e £ 2 I 4 HOdE L T 5 AT B0 U Uk AT A8 Ab
B, KW B A I B R T AT G — L I AE
G328 JE M AT B E AR AL AR IR o — SE B R (BRI T
D5 R T LT BB R BUE A W R S Y s A B
2.2 MR

9T AT % WL HL DA BT R AR PR RE L AR SCR T T
ZFhPEAL T8 AR . 00 45 HE B R (Accuracy) 43 7l 3 (Recall) |
AE# % (Precision) . F1 43 3 (F1-Scorce) YA & AUC-ROC
M, i s br A [) £ BE 42 T b S e TR RUFE DVT R
I T A 55 v (4 2R B, A B X A TR R AT o R A T4 L
B, WERR R S WO (B AR TR B 7 5 A (] 248 G AR TR X
DVT #1285 13U B J7 , 8k s 12 5 0 5 1 B0 A 280 730
I TS 5 F 123 8O K B 3 F0 4 T80 3 04 98 70O 34 8, 7
i 7RI R fE . AUC-ROC e DU PFA% AR T8 X6 1F B A A%
MK 3 RE S, AUC {H B B2 3T 1, o BB ) e i . 11
(RN

Holp, TP F/R IE# WO A IE AR AR , TN 26 7% 1 #ff 750
M TREAR , FP R85 R T 0 IEBE AR, EN A% U 00 1) £71
AR,
2.3 xfHbsEIe

A SCHFIE 25 52 3 T Mamba H V25 S HLHI A 28125
Rl 1 T AR TR, O T IR SIE T AR O 3 1A SO A b
BHE ERM TR T X S8 A3 U — 1%
AR 1) 00 D0 ASE #6025 4 A0 50 1 R S AR B AR A AL, DL R
FHEPRIE 5 2] Bk Rl G 0 2 A S TR, 258 fh AR
A TR B R XF L S 56 v, AR S % Scmk (13 ] iy DT 3¢
HRC14 ]9 R AR RE A LRSCERL16 1 R A9 KNN DL K
SCHRL15 ]9 (1 XGBoost #FATHERIIN 2R, B — AR AR S T
DAL bY 52 560 o, 2 2% SCHR (20 /9 CNNL SCHk[21 ]/
ResNet ., CHK[ 26 JH) VGG #T MM H#, i FZHEES
DVT KU 00 7 2 A SC 1 vk 2 1, RS A ) He SCik, A<
WEEALA T 2 i ] (9 At O 6 6 AT 2R L SE 8, Ay

Accuracy — TP + TN D H]/Z& CNN + DNN, ResNet + DNN, ResNet + DNN -+
TP +TN+FP +FN Transformer, ResNet + DNN + Transformerr + CNN,
Recall — TpiPFJ\[ (12) ViT+DNN+ Transformer+CNN,
’ 6 F 43 5 I 25 6 48 A DAl 45 S AU, X [h S 30 &%
Precision = % (9 SRR 2 R G 5SRO R R TE 09 B0 M
2 Procision % Recall MI‘ATT HABK AUC0. 912) , BA {5 & T HoAth 45 8 (1% 957
F1= Precision + Recall (v .
F2 AEERMELBLER
Table 2 Comparison experiment of different models
R 4 2 g AUROC Accuracy Precision Recall F1 Score
(=<2%)  (£<1%) (<1%) (£<1%) (=<1%)
DT 0.812 0. 808 0.813 0. 808 0. 806
RF™ 0. 855 0. 810 0.811 0. 808 0. 808
g (R &1y il LR™" 0. 832 0. 746 0.751 0. 747 0.743
KNN-* 0.748 0. 657 0. 658 0. 656 0. 653
XGBoost™™ 0. 834 0. 816 0. 820 0. 812 0. 812
CNNF 0.724 0.621 0.676 0. 627 0. 594
PG B Al A5 7Y ResNet'?" 0. 849 0.751 0. 759 0. 752 0. 748
VGG 0. 823 0. 740 0. 742 0. 737 0.736
CNN+DNN 0. 702 0. 664 0. 664 0. 660 0. 645
ResNet+DNN 0.798 0. 749 0.751 0. 749 0. 743
ResNet+DNN++ Transformer 0. 849 0.792 0.791 0. 785 0. 786
RS ResNet+DNN-+ Transformer+CNN 0.872 0. 810 0. 808 0. 808 0. 807
ViT+DNN+ Transformer+ CNN 0.729 0. 664 0. 681 0.671 0. 656
M_MATT (A 30) 0.912 0. 861 0. 863 0. 859 0. 858

AT 9% 15 0 AE AE R K (0. 861) K B % (0. 863) . & [
(0. 859)  F1 43%(0. 858) b3 W 3 4 T HAb X o7 ¥k,
S5 A 5 A5 AR 2 0 65 A A 50 A5 TR A LL L A T 5T A

B AUC EH3E T 12% . ROC £t e an &l 8 ) 7 »
AR S T 6. 7% HH M F1AASCE T 13%, 38
EARBIRAE DVT XU 15000 o B 8 B8 0 (8, 100 A BF 5T
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T # K

B UA R A T T X5 B . 5 U R A R AR A A
RUFA HE BT 4R R A MERG 2T 248 & T 2326, ROC 2
RMEALINE 8(b) X IEF AR G T 2 FBES 1 %L
. e E A IE DVT HCW R EfF R . MR 2
FIIEL 8 Ce) 552 i vy JFC Al 5 D7 125 A0 LL L T £ 455 8 ) il 5
M TE & H5An B I AR, 5 RIAE L 1Y ResNet +
DNN+ Transformer+ CNN FERIAH ., M. MATT #E#i % .
REBRR H B R F1L B4R T T 620 £ 47, AUC EJFT
4.6%: M _ MATT #& % 5 [/ 25 #§ 19 ViT + DNN +
Transformer+CNN R AH L, AUC S HoAth 4 351 48 45 45 42
#2000 B b e BB BE R T 2000, ML 121 ms R TF R
96 ms, I T H AL RRAE AR IORN Rl A O 109 e b
2.4 HREAZIW

H T k20 53 BT AR v A 21 X FI0I P BE 1Y BT
ARSCHAT T IHRLSE 4 R UL P E R A R
CNN #% Ht, Mamba attention %, ViT, DNN 5§ 3¢ 4 44

f7 M_MATTAUC = 0.912
i P DTAUC =0.812
N RFAUC =0.855
—-- LRAUC =0.832
-=-- KNNAUC =0.748
~ XGBoOStAUC =0.834

0 02 04 06 038 10
R PAEER
(a) B —Z5 ML BIEARBIROC 1 %

(a) Comparison for ROC curves with structured models

Y

i e — M MATTAUC = 0.912

02/ ~ w VGGAUC = 0.823

i ResNetAUC = 0.849
. —+= CNN AUC = 0.734

0 02 04 06 08 10
{5t A 1 28
(b) B —EE B AROCH &

(b) Comparison for ROC curves with pic models

/
— M_MATTAUC =0.912

-------- DNN+CNN AUC =0.702

PR DNN+ResNetAUC = 0.798

e ==+ DNN+ResNet+Transf AUC = 0.849

e — - DNN+ResNet+Transf+CNN AUC = 0.872
ol DNN+ViT+Transf+CNN AUC = 0.729
0 0.2 0.4 0.6 0.8 1.0
LR
(c) ZRESHARBAROCHT L

(c) Comparison for ROC curves with multi models
8 A ROC £k Xt H
Fig. 8 ROC curves of different models
o EF U GRAn I A B, WL 2548 B i A2 AR I B0, Ak 3
B o

RI HBLTHEFEEL
Table 3 Comparison of ablation experiment results
Multi-level Auc Accuracy Precision Recall F1 Score
DNN ViT MambaAtten CNN .
Fusion (=<1%) (£<2%) (£<2%) (£<2%) (£<2%)
N X X X X 0. 780 0.712 0.724 0.722 0.711
N NG X X X 0. 801 0.738 0. 742 0.738 0. 734
NG NG NG X X 0. 854 0.788 0. 790 0. 790 0. 786
N N N N X 0. 839 0.753 0.758 0. 757 0. 752
N N N X N 0.872 0. 794 0.802 0. 794 0. 789
N </ N N 0.912 0.861 0.863 0. 859 0. 858

ST SE RN 3 PN . A R AT BE R B 1) BS BR RE A
Brh X R BE, AUC M 0. 912 T REF 0. 780, 2 56 Hh 4% 451 Al
AUCROC & 9 iR . MR 2 %L E (Multi-level
Fusion) B He Bt 5F, AUC M 0. 912 FREE 0. 839, 4% .0
Ht Mamba [ 7R S W45 I, AUC T2 0. 801, 43 3
TR 8Y6 .12 % MR )RR AE SR ORI RE 1 B 3 TR, 2R

+ 150 -

AFIE 2 0] 19 28 RGBS R A8 22, PEAN H AR QERIR L A
] SR A PR T 1026 LA b D56 A 12 7 A5 B o A58 A8 K
PUFERE IS IS 2 2 R Al A B . MR %
i CNN B He i, 452 70 ] O 197 45 4 19 3k At 14 BB (AUC =
0. 872) ELXT Z2 B 2% B 41 7 AR AE B HCBE 1 2 IR, 5 H AR
BIM L, AUC TR 8%, Hidy 4 T ARYIBEAL 7% 2247 Ui
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HH Jed 8 R 1E X 4 Jm AR B A A FEAE G s> VT +
DNN #3843 i, 85 5 dile /0 b 52 AR A0 25 500808 1 Ak B, 51 %
JUE PR B, AUC BEEE 14. 5% . M 0. 912 3] 0. 780, H.
FE T VA FEC B v 2 A 22, U B L X IS A R AR R A A T
B EZAE L UE L8R 4R B M

1.0¢

, M _MATTAUC =0.912
j P — -+ DNN+ViT+Mamba+Fusion AUC = 0.872
0.2 M DNN+ViT+Mamba+CNN AUC = 0.839
-~ =~ DNN+ViT+Mamba AUC = 0.854
. = DNNHVITAUC = 0.801
e DNN AUC =0.792

0 0.2 04 0.6 0.8 1.0
fBepr ftk 2

B9 RS ROC ik

ROC curve of the ablation experiment

Fig. 9

X U WA T ) A AL R 4 A R AR A LR
L F AR T TR L A T BE L B0 T BT B AR S )
PR R R . RS AOR H A B 19 AUC {6 Ui B e &
F8 T 5 A5 2R LA e 10 ) 00 4 E

3 &

=R

ARG T — 3T Mamba ZERLA A HER
FTIHLHIY DVT RS T 7 35 3 1o 5 5 AR 28000 Ll R
SE R ARG 50 4 B H i 5F 2 MRS AF B AT Mamba A
B4 VIT .DNN.CNN &H R T — 52 H 4
2 B2 G 4 KU T A 28, S 25 R FE 3 IE W] T 3%
7R A IO A R L A [ A A5 S B A AR L 0 0 BT L RE 68
Dol R B2 A $2 BT R BRI SE 9 DVT KUK DA L 72 8 1B
il & TG AA YT & b B B G R A . R
IR AL B Mamba FI 2825l 4 45 5 1R AL A3 1ok
N RBAE B2 7 Uk iy i P4 i 7 B i B . TE ARk 1Y
WFFE R R — 25 DU AE R S, R R T 2 A B A58 2 (48]
A B i AR B 55O 09 B A, DAk — 25 % e TR 43
JAERE . N DVT B BT MR ST 5L B A ) A HOR S8
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