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Table 1 Data of ovarian cancer tumor image of TCIA and cooperative hospital

Source Data type Number of sample Number of image Summary
TCLA 1 46 7444 High risk
TCLA 0 44 7359 Low risk
Cooperative hospital 1 15 2477 High risk
Cooperative hospital 0 15 2510 Low risk
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g5 bR e/ IME LT 1515 R KL
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Ho, Lga R B8 e 0010 B bR s, L M
L2 IENAEIE, HI Ty 1k 45
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A SCAE FHPPAS $8 AR a1 22 (ACC) | F1 43 % (F1-
Score) FIFFAE il £& F 1 B (AUC) K 34 SPT-BUAT
X B L5 U T AR . ACC R & IE A 702
HIREAE G SEAREI L], o SO

TP+TN
A = T INT PP+ FN 17

Hor, TP R E B, TN R EBHYE, FP oA P T,
FN BB

F1-Score Z& & V-5 15 1 49 45 7 2R (Precision) Fll
A % (Recall), HoE L H:

Precision-Recall

F1-S =2 18
core Precision + Recall (18)
T TP
H.ih, Precision = Recall = °
L TP+FP’ TP+FN

AUC j& ROC(Receiver Operating Characteristic)
M T AR, H TIPSR AN [ 2 25 B E T /Y
PERE . ROC i 42 LIECIE % (FPR) Sy Rl , B IE 3
(TPR) g P\ Hh 22 il (1) b 2%

AUC = fol TPR (£)-d (FPR (1)) (19)
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o, TPR =257 51 “FprIN © AUCHIH

FRHEIT 1, FR BRI X 53 B8 0, B23T 0.5 MR
B P R -5 B MLAG DU T 5%
32 (ARFEEAEUISIESLLE

2 ) R OB B AR A v, B 5 il R
IR WL R Bl S7 REAR SEAT AL B, R AE TS B BV 2
)V FE B S SR B S R SO, 25 5 5 BT &5
Rk =z e/ —8E . Mk, ARSI T E HhS
i) PTM, 3 3 2h &5 AR Y] J 8] /) 18 6 R 5 P K
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Fig. 2 Performance comparison before and after the introduction

F1-Score

of SPT-BUAT pseudo-temporal information
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P R wm g R sh . 2k L, PhE T — 8k sg
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33 ERRR
3.3.1 SST-CM &9 k523 b T o 4 M B i SST-
CM 7 5P HL 9 5218 0 90 b ity BARVE L, 304 1%
BT T RGN A SC 5 . SST-CM & 7 [A] B 4l
AR 2 [ o A (5 B 4500 30 AR AE DL R S
2, DA S X kX 3 A 4 Ry 5 R R R AiE A P93 T
BT o SR, SEBRARCE K 45 AR R Y TR i e
TH Aoy A7 HEAT AL ISR . AR S g I b, FRATT 4 )
P T LLUR X AR . Baseline(JC SST-CM) : AU A F
R AR RS ARRY, N5 AZS (8] 450 sk a0 g kAL
iill; Spatial-only ({25 [a] {5 B ) : P B 25 [ ¢ AiE 42 B 43
35 Structural-only (fX 25 #4157 8, ) : £ B3 &5 44 11 LR AIE
$EUL 5> 325 Texture-only (X SCHL(E B ) « £f B SCHARAE
P43 575 Spatial-Structural (25 [R]+45 #4015 B, ) : Bl G425
B FN 4544 {5 . ; Spatial+Texture( %5 [B]+80 HL{F 2. )« fill
4 a3 [ IS B, Structural+Texture (285 #4 +40 B

B Bl G S5 M PRAE 25 523 SST-CM: W] i fill &
o3 [6) | SEANFISCH G B, S PR G . SEah 2t R n
F2 N,

# 2 SPT-BUAT A [r]si Ak 20 & (14 S B 45 21
Table 2 Experimental results of different
combinations for SPT-BUAT

reinforcement

Model ACC/% AUC/% F1-Score/%
Baseline 90.78+0.85 90.11+0.80 91.1120.72
Spatial-only 94.28+0.84  94.06+0.77 95.16+0.78
Structural-only 93.5240.77 92.9120.79 94.94+0.75
Texture-only 91.85+0.89 91.42+0.83 92.34+0.77
Spatial-Structural 97.28+0.84  96.35+0.74 97.55+0.77
Spatial+Texture 96.1240.89 95.46+0.78 96.5140.75
Structural+Texture 95.76+0.84  95.02+0.82 96.08+0.71
SST-CM(Ours) 98.52+0.84 98.15+0.83 98.55+0.77

AT Bl 52 56 2% SR -, Baseline #5584 AW fi ] I 1A
B iR B AR 4 1IE, ACC. AUC 1 F1-Score 43 %1 Ky
90.78%. 90.11% Fl 91.11%, 3¢ BH Hi #5574 75 Bl = FRAE
SERACTE DL T IR BRI o A H 22T, AU FH 25 44 R AE
(ACC 93.52%. AUC 92.91%. F1-Score 94.94%) B ¢
FRARAE (ACC 91.85%. AUC 91.42%. F1-Score 92.34%)
BRI PERR IR B T — BT B AZERE R
i, ACC 42 T1 & 94.28%, AUC 2 T} & 94.06%, Fl1-
Score iA % 95.16%, 3X — 4 F+- 156 W] B 52 e DX Bl £
TE— 7 1Y 25 (RO OC 3R, 28 (8] b SOfF 8 A B TAR
TR 2 ] by 2R R R 2 4 5 ] R 2 4 DG R AR
Ko YR FGFAE AT 0 @l A5 1, R PR REE— 2
oo N, 23 185 450 5 B RG (ACC 97.28%.
AUC 96.35%. F1-Score 97.55%) 1 T Ll S 20 4, i%
e R EE R SN S PUR o N N 2
Re, (030 SRR AR TE I E A 25 R) 5 S08E Bl E
(ACC 96.12%. AUC 95.46%. F1-Score 96.51%) [F] #
R AN, A3 (B RRAE 5] 5 S AR AR G T b
X3, AT T OS50 7 5 2544 5 80P
#1245 (ACC 95.76%. AUC 95.02%. F1-Score 96.08%)
PERERE AR T & 2 W F B WAL G, #E— L EUE T %
] 5 2 A 4 Jmy B P 1 G B VE . S8 1Y SST-
CM BEARYLE It A 8 b [ 353K 31 55 fH (ACC 98.52%.
AUC 98.15%. F1-Score 98.55%) , A3 T = %t [a] 154
SRILE RS o X —EE AU UE T AR B RHE
B EAME, SR T 50 S MR AR AT B ZE R =5
] 45 BBk 4 Japi kbt o3 A =X, S5 4815 0 1k i 3
I Re 1, SCRRAE B B W SR FOW R BT o SST-
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(a) Original image

(b) Spatially enhanced image
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Fig. 3 Visualization results of collaborative reinforcement method
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PERRRE TS . 7ESE g it b, AT E T
T 3 X F AR JEREA Y (Baseline) : R HZ ) A
Fhy s FE i AR SST-CM 65 e 11 47 R AiF $2 B AN Hff
AL B AY (Baseline+Dropout) : 7F & fifi 152 7 o fiin A 5
R 1% Dropout, F 10 A0 AR 7R F0I0 54 A 80 52 15 A
Hffy 2 P 4 2 24 SR 4% 7Y ( Baseline+Uncertainty Loss) : 7E
FERHAT Y o g | AN 2 P 0 2 R, AR R 7 R A
B DX R A SR RN 3 TR .

1 3¢ 3 A %1, Baselinetbt B AF A 5| A AN & 1
BEA G G0 T, FETR0 4 B AH X A7 FR, JUHCAE b B 5 5
JoT 1 B9 S e 7 S AR, B R LA TR kb X 3 A
o ke DX I ) ASERY 0 S 5 M PR R AR, RRAIR T AE AR 1Y T
M HERf M . Baseline+Dropout BRI GRS IE —E FE R I
TR B A (8] B TR B 3, DA R 52 2% B9 5 Jieb 78 52
BRI B, BUEREA Frie . Baseline+

(e) Three collaborative enhancement image

Uncertainty Loss #&87E — & B2 i 22 1 PhIN P 5%
B s BT A R BRI S T4 n] # , BUAT #Edk
B ACC. AUC FI F1-Score 43l i £ 98.52%. 98.15%
1 98.55%, FEAEARMERE B AR T H A T HUAEAY . X
K> BUATHRE S 38 b DU AN il o SR AL, 19T 5
IR 8 153 A, (BB R A o N e DX 0 O
PR P REAE AT 36 38 56 1, NI SE BT 200 B (5 8
BIE G RIS, 3 I 25 A U0 S AR A O 2k
FESU) R P i e R AE, 51 AR & e AL BL ) BE 4% 47
R SR AR (B BE U7, 9 UE T BUAT ZE 4 2 55 A
s (s B ALERAE Al A AR O

%3 SPT-BUAT B LAk 1 il S B8 445 S

Table 3 Experimental results of SPT-BUAT  uncertain
optimization ablation
Model ACC/% AUC/% F1-Score/%
Baseline 91.87+0.83  90.92+0.79  92.04+0.78
Baseline+Dropout 94.49+0.83  93.13+0.78  94.95+0.70
Baselinet+Uncertainty Loss ~ 94.91+£0.82  93.98+0.74  94.10+0.71
BUAT(Ours) 98.52+0.84  98.15+0.83  98.55+0.77
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3.4 ItEEER
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A MERE, A SCEEE T ILM AR BTz R
H Y BR BE 2% 2] # AU, 7€ TCIA(The Cancer Imaging
Archive) ovarian cancer 28 JF 5 2% 52 A2 50 P 4 L A7
XTSRS . 3k SEAR A AT 45 5L T CNNAY & 7 T Jm) H Ay
fiE 42 1% 77 72: (CNNEP® ResNet501), ResNet 60°%)
JLF Transformer 58 42 )5 b T SCHEBIRN 2 R
SRl A B 75 3 (VITRY | VIT+RNNE? | D-GR-LCTHY),
DL K B 7R 4 = A B E 2% 9 485 AL (TOPTHSISE,
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Fig. 4 Comparison of uncertain information perception of ovarian tumor images
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Table 4 Comparative experimental results on TCIA ovarian
cancer data set

Model (Year proposed) ACC/% AUC/% F1-Score/%
CNN(2020) 78.25+1.93 80.12+2.11 79.34+2.16
ResNet50(2023) 87.18+1.79 88.34+1.91 88.25+1.83
ResNet60(2024) 94.20+1.66 95.28+1.82 95.17+1.74
ViT(2021) 80.04+1.45 81.83+1.53 81.89+1.34
ViT+RNN(2022) 85.50+1.75 86.92+1.97 86.66+1.80
D_GR_LCT(2024) 95.2942.16 96.29+1.33 95.15+1.90
TOPTHSIS(2024) 94.81+2.18 94.17+1.89 94.79+2.03
MAFTM(2024) 96.13+1.71 95.15+£2.15 96.41+2.23
Xception_ViT(2025) 97.09+1.04 96.78+1.35 97.11£1.11
GPT-5(2025) 96.35+1.42 95.92+1.51 96.10+1.38
SPT-BUAT(2025) 98.52+0.84 98.15+0.83 98.55+0.77

M 4 Al DUA ), A 3C SPT-BUAT HE#U PE B
e fE(ACC 98.52%. AUC 98.15%. F1-Score 98.55%),
A5 T HC At A5 754 B E VA A b X £R 3 AT TS EO

X TA SRR SPT-BUAT SR T SST-CM., PTM
5 BUAT, 5% 4 & BLUM 4% 1 VIT J5 % M 1, SPT-
BUAT Jf-3F BLafi At Jm i 45 AR ki 42 Jmy i g, i A
el ENEY S RE RS L L R (1ol FE AV E Bl VAL N G R
FHYD R Tl P By 06 &R AR {5 BA% 3, JF A5 A8 &
PEFRAE, DATAT 4 58 T 6 b Je 52 AR 52 2 &5 4 0 S o
FRIE 3K 08 T, eAb, SPT-BUAT By TP eI
TR R e YT R A E M@ k. X
T SPT-BUAT 1~ 5 Pk 45 53 2F T "Re ik 2 BBy
B, 454 MC Dropout 5 Transformer il &, 7 43 1E )2
1] S 2 REA TR GE, 25t T R/ B 4
PRI AR T A TN HERR PR . Sy T LR AN [F]
J7 V5 R B0 22 S5, AR SO SR 491 94T T AT AAR 4
Mr, 55000 5 Bk

Al LLOULEE 2, CNN BAR BB A% O 1 3 o kb, 0
e 7 DX IR G A L i IR, 2% 5 32 B T
PR T A VAT A AL B R LA — 2 4 )
JBANRE T, (A A S X I0E 7 AR AE G AR T
[ FBEB2; VIT-+RNN Gl i 78 VAT G544 5| AR 3 i,
E— AR L GE Tk X SR R R AR
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Fig. 5 Visualization of experimental results of SPT-BUAT and its comparative methods
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U B AR5 kETE 25 1Y BN BE 11 5 £F Transformer 25 14
rhi A DU SIS o 1 AR, T A AN A
B, AR T B8 0 OC T 1 SRR K B S X
S, i S HET KR RRAE B K, AT 1% 5 S S A o
1, X — T LA g S i — 20 DA R A B R T
SPT-BUAT Wy 1T HRPE 54 8501
35 xR

H T U AR T, A S — SRR T
TCIA ‘& 8 5 AR B AR R AR N B AR sl 4 o 1%
Bl A4S 23 ) e SR e ], 3845 5K CT KR, H
r s U BT 1982 5K . IR XURS: #1445 1863 7K. M1 T
B SR 55 U0 S TE F s A DR LA AR R R Al
LU SRR R IR, L3 XS 508 CT 445
FE R AN EIE o 2B AR S SRR, AUH TP
il B R AR A [G) 854l o0 A T vz Ak e X G it
PR MG AR VL] M S I 45 R 3R 5. 3R 6 FR:
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Table 5 Data of TCIA cervical cancer tumor image

Data type Number of sample Number of image Summary
1 12 1982 High risk
0 11 1863 Low risk

%6 TCIA B SR HERE L axt LS g 2h
Table 6 Comparative experimental results on TCIA cervical
cancer data set

Method ACC/% AUC/% F1-Score/%
CNN(2020) 70.77+1.88 72.81£1.79 73.91£2.03
ResNet50(2023) 80.32+1.82 80.92+1.81 81.65+1.88
ResNet60(2024) 90.09+1.71 91.15£1.93 91.23+1.86
ViT(2021) 75.71£1.36 76.71£1.49 76.21£1.74
ViT+RNN(2022) 79.14£1.65 80.16£1.56 80.37+1.77
D_GR_LCT(2024) 93.17+1.66 94.15+1.73 94.09+1.84
TOPTHSIS(2024) 92.56+1.83 92.03£1.91 91.84+1.96
MAFTM(2024) 94.08+1.31 94.28+1.65 94.85+1.88
Xception_ViT(2025) 95.32+1.49 95.67+1.58 95.41£1.52
GPT-5(2025) 96.48+1.57 96.02+1.60 96.26+1.44
SPT-BUAT(2025) 97.15+1.14 97.75+1.22 97.31+1.21

P8 b WU T B i 0 fE (ACC 97.15%. AUC
97.75%. F1-Score 97.31%) , 7% Bz A5 BY 4 A [ Jih Jgd
AR 3 A 50 T EA RIFrz R )1, X
— 25 UL, SPT-BUAT i > (U RHAE - FE MM T8
FE B (BT R, T2 R A8 AT R B8 AL
AR B ek i s M 25 R 0 S S B R AR . HE
1, SST-CM X 7 W2 (8] A7 Jmy 55 Jay BB 285 A4 4875 (1) b ]
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Ovarian Cancer Prognosis Prediction Model Based on Spatial Feature
Enhancement and Bayesian Uncertainty Perception Optimization

NIU Shuaijun, YAN Yuli, LI Qingkun, DUAN Yimeng, LI Ting, WANG Huiqing
(College of Computer Science and Technology(College of Data Science), Taiyuan University of Technology,
Taiyuan 030600, China)

Abstract: Ovarian cancer is a kind of malignant gynecological tumor with inconspicuous early symptoms and
complex lesion morphology. Ovarian tumor images can reflect the morphological, structural and histological
information of lesions, and in-depth analysis of these features can improve the accuracy of ovarian cancer prognosis
prediction. Existing methods tend to ignore the synergistic effect of local spatial, structural and texture information
when processing ovarian tumor images, and lack holistic perception of uncertain lesion information, leaving room for
improvement in the predictive performance and stability of models. This paper proposes an ovarian cancer prognosis
prediction model named SPT-BUAT (Space-Structure-Texture Pseudo-Temporal Bayesian Uncertainty-Aware
Transformer) based on spatial feature enhancement and Bayesian uncertainty-aware optimization. The model leverages
space-structure-texture complementary model (SST-CM) to boost the representation of local and global image features,
and employs BUAT to estimate and optimize the uncertain information of lesions. Experimental results demonstrate
that the proposed SPT-BUAT model outperforms existing methods in ovarian cancer prognosis prediction and achieves
more accurate discrimination of blurred boundaries and gray abnormal regions. Further visual analysis of SPT-BUAT
verifies the consistency between the attention regions of the model and the actual lesion locations, which provides a
new research perspective for the application of deep learning in ovarian tumor image analysis.

Key words: space-structure-texture complementary model; pseudo time series modeling; Bayesian uncertainty

perception; prognostic prediction of ovarian cancer; ovarian tumor imaging

(A= 4. TRAK)



	1 数据集及预处理
	1.1 数据收集
	1.2 数据预处理

	2 SPT-BUAT预测模型
	2.1 SST-CM
	2.2 PTM
	2.3 BUAT
	2.4 输出层
	2.5 模型训练

	3 实验结果与分析
	3.1 模型评估指标
	3.2 伪时序信息有效性验证实验
	3.3 消融实验
	3.3.1 SST-CM的消融实验
	3.3.2 BUAT的消融实验

	3.4 对比实验
	3.5 泛化性实验
	3.6 实例分析实验

	4 结束语
	参考文献

