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[ Abstract] Biomedical imaging is crucial in the diagnosis and treatment of various diseases. The application of deep
learning methods to medical image analysis can enhance the readability of medical images and provide more reliable
support for clinical decision-making. However, traditional medical image processing methods are limited in
effectively capturing spatial features and complex structural information in 3D images, especially when handling
complex 3D medical images generated by different imaging modalities. This often challenges the accuracy and
generalization ability of the model. To address this challenge, an MTM3D model is proposed for medical image
classification tasks. This model combines the excellent performance of the Mamba model in complex sequential
tasks with the external memory storage function of the improved Token Turning Machine (TTM) network. By
introducing a cyclic chain storage structure, MTM3D enables effective interaction of features from different spatial
structures within memory units, thus enhancing its ability to capture complex spatial relationships. Furthermore,
the incorporation of Mamba further strengthens the interaction between the memory and processing units,
strengthening the generalization capability of the model and enhancing its performance across different medical
imaging datasets. Experimental results on the MedMNIST v2 dataset demonstrate that MTMS3D exhibits
outstanding capabilities in understanding medical images. Compared with the current best medical image analysis
networks, MTM3D improves the average Accuracy (ACC) by 3.97% and the average Area Under the Curve
(AUC) by 2. 00%, fully showcasing its tremendous potential in interpreting medical images and assisting
healthcare professionals in diagnosis and treatment planning.
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Table 2 Performance comparison of MTM3D and other models

OrganMNIST3D  NoduleMNIST3D FractureMNIST3D AdrenalMNIST3D

VesselMNIST3D  SynapseMNIST3D

Tk SHKCRE/10°
AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC  AUC  ACC
ResNet-18-+2. 5DL2% 11 0.977 0.788 0.838 0.835 0.587 0.451 0.718 0.772 0.748 0.846 0.634  0.696
RQSN61718+3I)[2QJ 33 0. 996 0. 907 0. 863 0. 844 0.712 0. 508 0. 827 0.721 0. 874 0. 877 0. 820 0. 745
ResNet-50+2. 5[):29] 15 0. 994 0. 900 0. 873 0. 847 0.714 0.497 0. 839 0.754 0.930 0. 928 0. 705 0.722
ResNe1*5O+3D[29] 44 0.974 0. 769 0. 835 0. 848 0.552 0.397 0.732 0.763 0.751 0. 877 0. 669 0.735
Auto-sklearn 3 14 0.994 0.889 0.886 0.841 0.750 < 0.517 0.828 0.758 0.912 0.858 0.719  0.709
AuloKeras:m] 12 0.977 0. 814 0.914 0. 874 0. 628 0.453 0. 828 0. 802 0.910 0.915 0. 631 0.730
FPVT:BZ] 15 0.979 0. 804 0. 844 0.834 0:642 0. 458 0. 804 0. 705 0.773 0. 894 0.538 0.724
AC,S{‘,onVB:U 11 0.923 0. 800 0. 814 0. 822 0. 640 0.438 0. 801 0. 704 0770 0. 888 0.530 0.712
Vi’l‘,B/lﬁtf‘U 86 0. 983 0. 874 0. 879 0. 863 0. 683 0.569 0. 837 0. 807 0. 877 0.932 0.753 0.735
CLIP—33J 151 0.975 0.832 0.827 0. 829 0. 654 0. 508 0. 826 0. 793 0. 892 0. 879 0. 683 0.729
Swin 'I‘mns{m—meru6J 28 0. 991 0. 905 0.892 0.871 0. 689 0.573 0. 852 0.812 0. 895 0. 935 0.768 0.736
MTM3D 10 0.998 0. 950 0.906 0. 875 0.703 0.589 0. 890 0. 867 0.935 0.944 0.765 0.797
bR T HEREFE RN EL AT 1 ASSGA AT AL T 5 7Y x3 BEESHIRE FMEIRYE
MTM3D 2B R RIS 5, an&l 5 s . Table 3 Average metrics of multiple datasets
K R ST A+ S 44
|V - BERIPEAL P19 {6
A AUC ACC
W ;
s ResNet-18-+2. 5DH 0. 750 0.731
et -
- ~ 0. 84 0.767
+illh ResNet-18+3D 849 6
Zc i ResNet-50+2, 5D 0.843 0. 775
At { )
Tl ResNet-50-+ 3D 0. 752 0. 732
L 9
e ??:HHL: auto-sklearn®" 0. 848 0.762
[31] =
()OrganMNIST3D (8 7 453) AutoKeras 0. 815 0.765
FPVTH 0.763 0.737
ACS-ConvH* 0. 746 0.727
ViT-B/165" 0. 835 0.797
CLIPS 0. 810 0. 762
Swin Transformert*®) 0. 848 0. 805
MTM3D 0. 866 0. 837
. ey gt .
MTM3D 454 17 TTM 55MBFAE R ag5¢ 5
Py B e Py 4|
HE 71 fll Mamba /524 09 )7 51 Ab B GE 7 » BE W% 7F Ab
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iEH
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N B
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BS HEERTRML

Fig.5 Visualization of inference results
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FIHCAZ A TTZ Eo0r TR UM BE Y 520 GIE I IC A2 4%
SR AL PR EATTA R A A R o ) IR e G P A L 4
SR E . DU I SOTA J5ik. ttsh. i@
LI L 52 58 28 40 31E Mamba Block XfZ {6 #g

AT
3.4, 1 CHZHETR AL PR AT R Al S5 R 1Y 2

ICIZ R AL B ST D £ BAL B S A AR A% L
B B 2 ) Az AL e ) B 2.
B e AN [R1C 2 Ak PR ST RS R A AL RE 1 4%

Block JFA 3 iy 4 B A/ b 2 458 I 74 b
S R A 77 B 4 Bl B 38 5 47 B
. DL B BB R .

FIGERMNE 4 MK S PR, BRI
K FH Transformer E k10 12 &b B 28 50 L IR ¥ A7 4%
V1 o SEAZ BT A2 5 3080 A 50365 F
755 15 208 LA B R S 0 B £ 5 0
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x4 FRENCIZAENH SR E R ERERIL(ACO)

Table 4 Performance of different memory processing mechanisms with varying parameter configurations (ACC)

FractureMNIST3D Adrenal MNIST3D
MTM3D MTM3D
pe2i]
Transformer  Mamba Transformer  Mamba
MT-H MT-F @ TM-H TM-F MIT-H MT-F  TM-H TM-F
Block Block
i 0. 546 0.573 0. 583 0. 562 0. 562 0. 568 0. 848 0. 848 0. 867 0. 844 0. 859 0. 863
e R 0. 547 0.557  0:583  0.589 . 0.557  0.568 0. 852 0.855. 0.855  0.856  0.848  0.852
VesselMNIST3D SynapseMNIST3D
MTM3D MTM3D
TEREEERY
Transformer Mamba Transformer  Mamba
MT-H MT-F  TM-H TM-F MT-H MT-F  TM-H TM-F
Block Block
i 0. 929 0. 938 0. 944 0. 938 0. 934 0. 938 0. 781 0. 781 0. 775 0.791 0. 788 0. 784
HERAEA 0. 931 0. 934 0. 938 0. 934 0. 941 0. 934 0. 769 0. 784 0. 788 0. 775 0. 788 0.797
&5 ARCIZLEUESHEE LRI (AUC)
Table 5 Performance of different memory processing mechanisms with varying parameter configurations (AUC)
FractureMNIST3D Adrenal MNIST3D
MTM3D MTM3D
TEfkLE
Transformer  Mamba Transformer  Mamba
MT-H MT-F  TM-H TM-F MT-H MT-F  TM-H TM-F
Block Block
53 0. 662 0. 669 0. 684 0. 677 0. 675 0. 658 0. 881 0. 872 0. 884 0. 889 0. 883 0. 879
HEAEA 0. 669 0. 687 0. 680 0. 692 0. 696 0.703 0. 863 0. 876 0. 874 0. 867 0. 882 0. 890
Vessel MNIST3D SynapseMNIST3D
MTM3D MTM3D
TP#ZERE
Transformer  Mamba Transformer  Mamba
MT-H MT-F  TM-H TM-F MT-H MT-F  TM-H TM-F
Block Block
NI 0.931 0. 934 0.935 0. 924 0. 925 0. 924 0. 753 0. 755 0. 763 0. 744 0. 764 0. 736
HEAIEHR 0.911 0.921  0.910  0.910  0.918  0.935 0. 751 0.740  0.754  0.765  0.760  0.750

24 Mamba Block 1E A 1242 35 58 &b 33 55T 1)
B HfE R W OE LT R TTM h fii ]
Transformer FJF I 5 T % MTMS3D [ 4 #RE 45/
fl A 5T 2, G A P R W] 2 A T Mamba
Block, SZ3a25 & W], 5] A Mamba Block i 15152
IR PEREAT B 73R TF o A0 il 1A ] 288 29 1 $ i
£ I, MTM3D £ 1 4 B SR 530 f F TTM, &
B15] A Mamba Block g% i 2 $2 74155 58U 11 1 fk.fig
JIHE B RE T

1 FractureMNIST3D $fE 4 | ,MT g4 )28

B 25 A 5 U0 20 F7 i 45/ 1 ACC 8 H L 4k
7.88%, TM fil & J3 28 455 50 5 i X0 IR A0 45 4 1)
AUC #8 H %2k 6. 19% ., £ AdrenalMNIST3D #{
e L MT IR G 7245 G F G 45 i ACC
WL 2. 24 %6, TM @l Jp A i 45 A B U1 1 A7
fitgs ) AUC HEH2EZ 3. 1300, RSBy oh ok
. Mamba AU TF T HERLAE /7. 38 & 48 T4
U < N O e S Sl i OIS | A A i s A < )
Transformer £y, MTM3D JBH 7 Hom iy 3 & h
26T,
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3.4.2 IR Ak PELEA ST Z KR R

AL BFFEAN [F)IC 1 BT Z RO HE PR A AL
RE I B2 IR L SE 3 R R O RV RE AT 18 25
Wi o 3 o SN ZHOAT LASE DAY ) 2 > TR EE L {Hid
Z R RE R BN RN XEFE U5 . R, R i
FRIRBOS ARV R B G 2

S, AW E TR E MedMNIST v2
Bl kB Ve RE RO S RO 25 2R 5% 6 Y
IR SERRE RN AEA R S5 AR S B e R

REMI S B HA 2R IE B T g2 5 oo 2 500t
I 2532 AL AN HEFPE E A2

1E OrganMNIST3D %4, 5% 12 J2 MT
IRA P AR A A 3 s e A BE S IR0 25 R B, B
B ACC {E %3] 0. 950, AUC {H 535 0. 998,
B R AP 2 PR RE AN IO S PEAL BERE ) . 7R
1R e S BRI e (V5 IWE R TR e 2 1B e S TRt VAR o)
JCEHONHE T MTM3BD B Rl ) E 2, e ik
REREA AT 55 A 4 b iz ARe T FidE R g

x6 FREBEENHERNRESE
Table 6 Optimal parameters for model on different datasets

P & OrganMNIST3D  NoduleMNIST3D  FractureMNIST3D AdrenalMNIST3D  VesselMNIST3D  SynapseMNIST3D
FrEs AR HEE AR I JF B E
JCZ A B B T2 MT-H Mamba MTF MT-H MT-H TM-F
LA PR TT R AL )2 12 6 3 6 6
ACC 0. 950 0. 875 0. 589 0. 867 0,944 0.797
AUC 0. 998 0. 906 0. 692 0. 884 0. 935 0. 750

3. 4.3 Mamba Block 4325 14 RS2 56

h43 4 Mamba Block () ELA 5Tk » 2T A [7 %L
PEAE ) B A BC B S50 XA b ) Mamba Block i
oy esiHm ey, 28 Rk 6 rh &40 4R 0 1
e 2 4k B R o0 R ) Mamba Block # #: R
Transformer Encoder, H A Z$ i & 5 AAE . 45

BNk 7R, &2, X E R ITA Mamba Block
B RN Transformer Encoder,~/ /R A
/3B Mamba Block, g2k R FEH, 5] A Mamba
Block f#% 7 48 A5 2945 BT $2 7+, 1E B Mamba Block
TEFRTFRAN 5 2% = 4k R~ KUR PR a1 7 i B A
KHAE

%7 Mamba Block 4 B iR LIN 4R
Table 7 Results of Mamba Block ablation experiment

Mamba Block ~#§%5 OrganMNIST3D  NoduleMNIST3D.  FractureMNIST3D  AdrenalMNIST3D  VesselMNIST3D  SynapseMNIST3D
. ACC 0.923 0. 865 0.553 0. 832 0.917 0. 776
AUC 0. 983 0..882 0. 689 0. 876 0. 929 0. 743
ACC 0. 950 0. 875 0. 589 0. 867 0. 944 0. 797
v AUC 0. 998 0. 906 0. 692 0. 884 0. 935 0. 750

30404 RIANZ AR

ShpE— 25 B IF Mamba Block 45 5132 1k §E
EEFHER 78 Adrenal MNIST3D #fn4E L ik47 T
JoR S 06 DATTAS A 0 A Arh BT I s i A5 A 45
Petk 5iz4bte 1. daxft TTM fit MTM3D #1741
(1) 2R BUAAIE B FE A [] B A5 T4 454 T MTMBD AH
BT TTM 7E3Z b e Sy Aty 2o o 5 1Y
e,

EEREE AN 8 s, Hi ,MTM3D Rk TM
RA AR ICAC A B ST RN P A 250 . TTM 78
TSR W ACC R T 4. 58% . 1 MTM3D {UF
T 3,230, XULBE] A Mamba (755 #1 177 1k

P52 i 23T, BB TR g Ml oy M s 4 L ORE
B B MERE , DI 1S 5 1 A5 T8 AE AN [ A 55 R M 45
rh R Al

xS MEEXTLL KL R

Table 8 Results of noise perturbation comparison experiment

. MTM3D TTM
L EIRA
ACC AUC ACC AUC
A g 0. 867 0. 890 0. 852 0. 881
S 0. 839 0. 853 0. 813 0. 824
4 ZERIE

ASCHR T MTM3D R, 5% 2 — > 3% T
Mamba FIERHEIS 25 1212458 TTM [0 26 4 2 1) =
AP R R, MTMSD #ERI45 5 T TTM
AN ICAZ A7 i B oG T Mamba #5587 5 2% ¥ 514 T:
S5 PR OL SRR RE [ I X A7 AR SS M AT T BB Ik ek
b GIA T EEAEIR S 2 52T AR R AT
PEYEFZALRETT . 1E MedMINIST v2 ¥dlide 1Y
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