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Abstract

Multi-sequence magnetic resonance imaging provides rich spatio-temporal information for liver
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tumor diagnosis, but existing analysis methods suffer from insufficient cross-sequence information
interaction and inadequate spatio-temporal feature integration. To address these problems, a Trans-
former model based on spatio-temporal features and dynamic fusion is proposed in this paper. The
model groups strongly correlated sequences according to the imaging characteristics of multi-se-
quence MRI, establishes information interaction channels between different sequences through the
Dynamic Bottleneck Bridge module, and adjusts sequence importance by combining a dynamic
weighting mechanism. Meanwhile, the Spatio-Temporal Fusion module is employed to achieve se-
mantic alignment of spatial and temporal features using a bidirectional attention mechanism and
realizes effective integration of spatio-temporal features through a fusion strategy. Experiments on
the LLD-MRI 2023 dataset demonstrate that the method achieves 84.62% accuracy, 96.58% area un-
der the curve, 84.04% F1-score, and 81.13% Kappa coefficient, outperforming existing methods on
most metrics.
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JiJe 2 A 5 DO A7 5 DS i A B A I B R, R B N B ) AR A A R 1]
FE AT AR 2 W eh, G R 1% (Magnetic Resonance Imaging, MRI)AJ AR L& FIHAEE, &4 F5)
BAAE B BUGR; A WA 2] [3].

FINZ 741 MRI 204 77 B BN B — P 41 8 . B 5T RS 55 7 51, Wojciechowska %5[4]. Chlebus
ZE[S]A0 Trivizakis 2565 F A& GuiR B 2% S WM 48 3 HURFE « 49101, Wojciechowska (X FIH T1 751X 73 78
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Figure 1. Structural diagram of the DSTF-Former
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Figure 2. Structural diagram of the DABB module
[# 2. DABB #RIREEH[E]
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Figure 3. Structural diagram of the STF module
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K. BEEAE 498 BlF R £ 7 ZIRTIE MRI 5245, R85 -CRATIER A AF40EHCC). FFMIE
FIACC). FHERBEMHM). FREMMHC). FF MR (HH). Jokh 451548 4 (PNH) BB (HA) . 2136
)\ R B SR B B Bi gk CTseRI 7 Nl ZRE(316 B). BAELE(78 1)l EE(104 151]). B3kt
FENZREE . SR UE AT AR IR 9 $in 35 1 B .

Table 1. Sample counts of seven tumor categories in dataset partitions

1. EERAAEREEN D AR E

e HH ICC HA HM HC FNH HCC
s 50 37 34 32 34 29 100
AT S 13 9 8 8 8 7 25
T 16 13 12 10 11 10 32

3.2. NG ERERIZE

SEUR IR PyTorch VR 22 SIHESE, SR A Ek NVIDIA RTX 3090 (24 GB) GPU 479l %% . Yl ki,
KA AdamW fRAGES, VA% I3 0.0001, FHAE AR %R KO B2 A8 5 2] R DR A R . AP Ik
A, R 0.05 FIRCEZEIR. IR R 300 45, ol 5 NEE NP EL, 25 3] KB
Fho A F bR UE B A8 SRR 2% oR B LU B ) it 5 FUSERRAE . B T RECRFR 1), batch_size K/NKEA 4,
AR EEIRG — BN 16 x 128 x 128, A [ —BiRd 4G, RA 72 MEAREEE AR, WHEHEIL
ek BERRFIVEAS RIS BN o FEVIZRRY B, BENUE BT BTN 14 x 112 x 112, FEPEAS I S B0 [H]
KA LB

PP SR (I PR B AT AT P, ZEDURAR B TR B HE R SR . 7E RIREEAR RS T, ALK 114
B RAE A S HEEFERT y 40.8 70, ~F35 B flHE BR R (M1 2924 357 ms.

3.3. ERR
NIRUER AL A R, ARSCR RIS . AUC, F1 20 #0R Kappa RECKRIFM /085 0. Mo, #EHi
AT ARG IE T RS AL, Hat 507 U A X (15) P :

Accuracy = TP+TN (15)
TP+TN+FP+FN
Fl1 2 BORHER RS B RER IR, HTEES IR RS 28 2 WP, &R
WA R(16)FT7m:
2x(Precision x Recall )
Fl1= — (16)
(Precision + Recall)

Kappa RFUH T 2 RS HShr B 2w —8t, HarHE (A RA7D)FiR:

Kappa = L-E 17)

1-P

Horb, TP R E PR, BIREALRE IR SRIREA L0 0 ROV IESG, FP R BRI, BIRRRLHG G S A A
RPN FN R BBAtE, BURALR IESBIFEASE R 72 RN G200 o P, 2 W52 21 i b i) — Ed
BIPPAG B AE A FEAR LI — B Ll PR TUIIIBEHL — Stk e, RIAE RS Al & o HBE ML AT
IPREIEILT, AATIE B BB
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3.4. XFEEECIE

ASCHEH ) DSTE-Former #8415 2 A28 $UR1 it (A A BEAT 1 XS b, 945 ResNet2D-50 [ 18]+ Dense-
Net-121 [19]. MSCSNN [23]. ResNet3D-50 [13]. BoTNet-50 [20]. H2Former [22]. UniFormer [21]. SegMamba
[24]« LCA-DB [15]. SDR-Former [14]. STM-Former [16]#1 Auto-Classification [17]. ', H2Former
SegMamba T2 T3], KAESLG T RAEH 7 BS54, STM-Former HoAAE AT L4 HUR U 20
SEHHIE -

FREBRARRT LA 2 froR. WRHATBVE H, ASOTREA RN R X BGRIa K. 51%
GAEMIMZEAHLE, SI Transformer 4ifas i KRR R A PERE AL, R UIHAE 2 WA MRI RFAE A 1)
. SHT Rl ds AL, 250 SCUmBY 45K RS 58 78 43 A2 3 AN [F) BAH 22 8] ) BLAME R

FESLEER b, ARSIV B OE SRR G SRR B R T TR, U IAE 2 R AR AR
PR, [R5 I A5 B 5 5 ahaSAE 7 T, A BT 3G s SR s G B 5 B R IA BE

Table 2. Comparison of performance metrics in comparative experiments

2. WEESEIE M REFEARRTEE

Jiik ACC AUC Fl Kappa
ResNet2D-50 [18] 0.6923 0.9298 0.6898 0.6244
DenseNet-121 [19] 0.7404 0.9346 0.7171 0.6797

MSCSNN [23] 0.7115 0.9379 0.7089 0.6536
ResNet3D-50 [13] 0.6730 0.9480 0.6590 0.5980
BoTNet-50 [20] 0.7212 0.9314 0.7139 0.6628
H2Former [22] 0.7212 0.9311 0.7342 0.6660
UniFormer [21] 0.7115 0.9021 0.7115 0.6433
SegMamba [24] 0.6827 0.9078 0.6753 0.6065
LCA-DB [15] 0.6925 0.8856 0.6599 -
SDR-Former [14] 0.7885 0.9536 0.7910 0.7467
STM-Former [16] 0.7788 0.9330 0.7649 0.7312
Auto-Classification [17] 0.8590 0.9710 0.8390 -
A J712(DSTF-Former) 0.8462 0.9658 0.8404 0.8113

3.5. jHRESCIE
3.5.1. SHRESCISIRAR AR

IR S AEE G R, AEAH RS B N SRR BEAT T VE RS, 45BN 3 Fras. FEREIAH
=433 UniFormer %= [8] 9 A5 2% 5 5. 43 ST (8] 2 D 25 40k

Table 3. Comparison of performance metrics in ablation experiments

3. IHRASCIG M REFEARRTEE

WaRrS ACC AUC F1 Kappa Params  FLOPs
Base 0.7692 £0.028  0.9312£0.025 0.7576 £ 0.026 0.7183 £0.027 90.72M 172.56 G
Base + STF 0.8077 £0.024  0.9491 £0.022 0.7689 +0.023 0.7669 £0.024 102.58 M 19491 G

Base + DABB 0.8173 £0.021  0.9526 £ 0.019 0.7880 + 0.020 0.7749 £0.021  9238M 175.52G
Base + STF + DABB  0.8462 +£0.015  0.9658 £+ 0.013 0.8404 +0.014 0.8113 £0.015 104.24M 198.06 G
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Figure 4. Comparison of confusion matrices of different models on the liver tumor classification task
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Figure 6. t-SNE visualization results of feature distribution for different models
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