TR AR (BRI

J Cent South Univ (Med Sci) 2025, 50(4) http://xbyxb.csu.edu.cn

651

& DOI:10.11817/j.issn.1672-7347.2025.250082

ETZHEEE CTH BARERESRREFIEE

ek, RE, W, HAL, B, §EBL

¢

(PRI — EEBEHCH A, Kb 410011)

=] BoY: 'S0 @enal cell carcinoma, RCC)ZE—F VMR, M H B ERE, RETRELS 9 E
BRI RCC IRYT A AT RE L. HAET, WESIHARC B RCCIHFHF R REE Tk, (HRMA L
T BT A AL 2 $9 4 (computed tomography, CT)SARIEAT /0T S0, ABAEAERUINR LIRS . PR
YRR R R AR T AN e . ARBFFEHE H —FNID A 22 AR IS5 CT s AQORIG RAS S 450 () SRR TREE 22 2 vk, LA
BN AN RCCHFEL AR UM . ik HoE, ZAELAFa . sk . Frlki AR 4 AR 3R CT 8 S
I RAS T R AR s SRS, (i A S A A P BN R AR v ) A (5 S, SR =4 ResNetS0 A AU 2 22 I AH
ik CT AR =3 a5 B &, fd ] Fusion SO PRAR f i RRIE(E S 5 & WIAH CT AR MRS B A T IR EE il
G, IR PRI A FE B VL S 2 AR RL G, DO B A T AR R A R P IR UGE LR, R
A . ZWMHEBIRNE S BEAMERE . 91 A 1 229 I RCC BRI IEZ Bk A s . B8R 2Bk e
T%(83.87%) . A [H1%(95.04%) FI F1 53-41(82.23%) S i b - IHE TAL G s AR A2 T3 T R HAB TR B 2 ) Bk . iR
A4 AL A B AR e MR U, W SR T T RCCHRIL M TN GE 77, A RCC RS HEIZ Wi i 1587
BRI 1

[REIA] WFIT g TREES S BRERRG; BAIMu; —4E ResNet

Deep learning algorithm for pathological grading of renal
cell carcinoma based on multi-phase enhanced CT
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ABSTRACT Objective: Renal cell carcinoma (RCC) is a malignant renal tumor that poses a significant

threat to patient health. Accurate preoperative pathological grading plays a crucial role in
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determining the appropriate treatment for this disease. Currently, deep learning technology
has become an important method for pathological grading of RCC. However, existing
methods primarily rely on single-phase computed tomography (CT) imaging for analysis
and prediction, which has limitations such as missing small lesions, one-sided evaluation,
and local focusing issues. Therefore, this study proposes a multi-modal deep learning
algorithm that integrates multi-phase enhanced CT images with clinical variable data,
aiming to provide a basis for predicting the pathological grading of RCC.

Methods: First, the algorithm took four-phase enhanced CT images from the plain scan,
arterial phase, venous phase, and delayed phase, along with clinical variables, as inputs.
Then, an embedding encoding module was used to extract heterogeneous information from
the clinical variables, and a 3-dimensional (3D) ResNet50 model was employed to capture
spatial information from the multi-phase enhanced CT image data. Finally, a Fusion
module deeply integrated the feature information from clinical variables and each phase’s
CT image features, further utilizing a cross-self-attention mechanism to achieve multi-
phase feature fusion. This approach comprehensively captures the deep semantic
information from the patient data, fully leveraging the complementary advantages of multi-
modal and multi-phase data. To validate the effectiveness of the proposed method, a total of
1 229 RCC patients were approved by ethics review were included to train the model.
Results: Experimental results demonstrated superior performance compared to traditional
radiomics and state-of-the-art deep learning methods, achieving an accuracy of 83.87%, a
recall rate of 95.04%, and an F1-score of 82.23%.

Conclusion: The proposed algorithm exhibits strong stability and sensitivity, significantly
enhancing the predictive performance of RCC pathological grading. It offers a novel

approach for accurate RCC diagnosis and personalized treatment planning.

pathological grading; deep learning; cross-modal fusion; renal cell carcinoma;

3-dimensional ResNet
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B, Br, 3HAEAEWS . PER . Mg /N o w7
AT A 1 229 B 28 F A9 BRAf 12 19 RCC i BRI o AR TR 22 R g R

B, IR A ORHE R, WER AR . MRS TNM (3 P>0.05). 1R T HE B M 2 A CT EHR

S R AT G OCHAE R o iR e B3 MK i FILFEREMASK)ZE R, [7]— 835 B I T ARAEAS ]

FWHO/ISUP #5#ff, 4l 43 A AR I (1~2 90) 5 = 40 WIS, XERIIFIA R CT BURSEHE R (5

(3~490)", FARERENL T I ZRAE 861 1) . I iEdE B —EBRE LTI E Ab,

(124 f5) Fnimi 4R (244 ), ELAFIh 7:1:20 &4t 5r

®1 CTHEXSH
Table 1 CT related parameters

Parameters names Single energy device Dual energy device
Detector collimation/mm 64x0.625 14.0x1.2 or 32.0%0.6
Tube voltage/kV 80/140 80/140 or 100/140
FOV/em 50 26/50 or 33/50
Tube current-time product/mAs 640 499/126 or 300/232
Gantry revolution time/s 0.6 0.5
Acquisition mode Single source, helical Dual source, helical
Pitch 1.375 0.55 or 0.60
Reconstructed section thickness/mm 5.00 5.00
Reconstructed section interval/mm 5.00 5.00

Matrix size 512x512 512x512
Reconstruction algorithm FBP/ASIR FBP/SAFIRE

FOV: Field of view; FBP: Filtered back projection; ASIR: Adaptive statistical iterative reconstruction; SAFIRE: Sinogram

affirmed iterative reconstruction.

Plain scan Arterial phase

Venous phase Delayed phase

1 EEENSHECTEGREMASKER
Figure 1 Multi-phase CT images with MASK of a patient
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Figure 2 Overall architecture of this research model

This framework takes clinical data and multi-phase imaging omics data as input. First, data augmentation and feature extraction are

performed separately, then the feature vectors from both parts are fused, and finally, classification prediction is achieved.
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Figure 3 Schematic diagram of the Embedding-MLP
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This module uses Word2vec to extract features from textual variables and employs MLP to process numeric variables’ features.

Then, the features are concatenated and fused, and finally, they are processed by a convolutional network. MLP: Multiple layer

perceptron.
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Figure 4 3D ResNet network diagram
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A: Backbone structure of the 3DResNet 50; B: Convolution module structure within A; C: Identity block structure.
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Figure 5 Structural diagram of the Fusion module and the Ensemble module

A AR IHLRZ AT AT

D)X AT [ 5 CCTFF, HEATER MR #e, 155
Query(# 1), Key(##) il Value(ff) 7, 73511 Q..
KMvios, Ws, Hi, we. wmw' 555 4k

PEAS G
0, = CCTFF;Ww*?
Ki = CCTFFi-WK (%)

V,= CCTFF;W"

)T A AR R A i ) B O, 5 5 A A B
o] b K ARABLRE , DA TTIAS 21565 i A SIARAR S T2 4>
WA B G, AR 6, Hr,
{0 d XA B TR, B 1k AR R
s S U RGN, d AR L e 1Y
£

T

Score(Q,., K, Vl.) = soﬁmax( Q:/E/ ) (6)

3V P WIARRY(E ) BV, (e [1, 4 1) BEATIACK
A, ASENE WA FOE RS R, W7,

4
Output, = z Score(Q, K, V,)* Vi Q)
j=1

DIMEHE, 200 MR A 3E R IAL G 5, 7531
hn AL Eh A R AR 55 BE Output = [ Output, ; Output, ;
Output, ; Output, 1", 73D RFA L Sk, #ik
SRNAE IR B A REAE 0] B, XS] i ARG T
AR ZTE SUE B o XTRlE & BARFIEAE RS Output
K2 )26 B0 28 B 28 JEATRRAE SR I, % M0 455 1h 45
B2, #H—1b)Z . ReLUJZ . Linear 21 Sigmoid )2
KB, &t Z EFR RIS, &2 5
RCCHRI TR0 A1, THAAX A8,

P (Output) =
Sigmoid ( Linear (ReLU ( BN (Convid

(Output))))) ®)

1.4 &SRR

AW RSHHERA S . RS0 . 3 BIERFIFL 3%
PEAGRIARIMERE! 22, I 5 - A T3 ., TR
A A9~12,

1)K (accuracy) . A Sk i 1 A5 750 S0 1 F A
ONEIRE7S =y TN Qb U et BV v e o NI AT 1 B
FEREAPIT i 19 LA

2) K ff JiE (precision) s FH i A% 75 F50 0 Ay BH 4
PREAS T, SEBR R PHAERE A Y L. O B bk v
TR AT ST 25 S T S R

3)H [ (recall): AR bR ] TS A AL 5 SE R
PHMEREARIRE 1. A RS, RUIEAH 5]
A BHHAEAS (Y BE B0

4)F1 73 B (F1 score): J& — 45 G 48t ,
Precision Fll Recall 2 M EPRI AL, B 76T AR A1 (%) v
RS

TP + TN

Accuracy = TP FP T IN T EN 9)
L TP
Precision = TP+ FP (10)
TP
Recall = m (11)
Fl =2 x Precision x Recall (12)

Precision + Recall

Hodr, B FHYE (true positive, TP)FE s 1A il

Tk BH P AR AR B, ELFPE (true negative, TN)ZF7R

55 AR TE B S80I Sk BR PR A R A B, BFE P (false

positive, FP)ZFE/RBERVEE 1R F00 4y FHE: O AEAER, i

FH4: (false negative, FIN)Z 75781 & 158 1 A7 B4 1)
FEAZL
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bR T EkdEbR, @S2 R R (receiver
operator characteristic, ROC)HH £k ) AUC FUHKS fff £ -
A 8] % AUC(precision-recall AUC, PR-AUC)¥ it —
AR RIIPERE . ROC B AUC {52t 1 AR 7E AN []
BRE 2B, PR-AUC{E I T »5 i PAk AR AR 7 Ab
AR AR IR Ty, X 2 M EPR BRI 1, &
TN SRR AT

1.5 KgE

KRR EAAESHME2 TR, AHRET
Pycharm X {4174t , >k A PyTorch(hi A< 1.19.0)7%
JE A ST HESRPA AR FH ] 2 1~ NVIDIA 3090 GPU
fni#it44 . 7F Embedding-MLP v, S 1B THIT 5 )
Word2vec 5 RLKE 25 8 51|28 1k 53 31| A 60 1 2H 200 4EY
FRAE ) 5, DAFRAE FLAE = 4 2 (o) b R RS B . &
SRR w8, R ELA 3 2 FaUiE 2 B9 MLP X Hgk
Tromhs, eI %050 (256, 512, 2001, 7F 2 1]
IR CTAZME B AL G, FIH 8 M AER
JI AL 2 HE B W T R B AT R AR R
TERERLI 2R B B, batch size BEE A 16, e KIS
$h 500, SR B ATLAS B2 B vk O Ak 4SS U AS o R g
B, WG4 0.001,

AL, AR IR R RS NS, AR T
2 ) RE DML AR 2] 3 BRI 100 48 50
VIR, FEWCR M 0.9, [HF, N T WA T A,
ARG T 5 ML, patience A 25,

1.6 EWHE

TEIE 3 WS g5 S e A S HEZL AP RE . D)X L3
B SRR A M . 5 2 RIME G AR A 2 T LA
S A G 0 DL 5 367 LU . TEAE SR A 507
b, T EARBUY SRR S SRR SRR Y
By ARTHL; fEDLBIRI 5, D EL 38 CT se 1548k
PR ()5 B, FIH DLA AR R Z R 1Y
G R . 2)TH AR5 H TR R H 22 AR AR B AR
PSR M . A XoF 43 BT 87 FH 22 300 A R B B A
CT s QB ) 7 IS AE Sk 45 B eybEge. Hid, IRIR
A AR R LG R AE 5 R A . DLZ 2L
HAYZEER LAY . 128 Clinical, JETFH . 3hlik
B KA ZE R I Y CT G I Sk A A5 43 53 %5F 1o
Viewl . View2. View3 5 View4 4 MR & 44571
TR AT 4 S I 22 0AH CT S5 Al RS
WY DL . 32 AL S S uEAS Iy iz AL RE T .
BT BT A B R B RAE DA A CT 2K
PRI A e, P ECRHLE LIS 2 35140 CT £ciis

IRECHEREN = . ST, AWFoE RAEFRPE 2025 4F 1~3
B 1.2 0 ABRVE BB B R 2 BB, KA
T EIATZ AR R IE

x2 HABESHILE

Table 2 Setting important parameters for the model

SR Yy
Word2vec i 1 4E 200
MLP [ B2 S5 =R 3
435 H[256, 512, 200]
Fusion #: H Conv. Block [ ZS% BREAECH 256
LR R 2x2
BRI 2
Ensemble FH rh 232 X {5 1B ZH0h 8
UE2 YERE d Ay 128
patience 25
K/ Batch size 16
3D ResNet 4L 2% 3D ResNet50
Embedding-MLP FHIEFEZSE BRI 256
BRI A 4x4
BRI KR 2
Fusion 5.3 #7 Convolution JZ ] BIERAECH 256
ZH BRI KRN R 2x2
BRZL KR 2
R & 30 Pifeds 2 SGD
W2~ %4 0.001
B4 0.9
A 0.9
RPN 3 SR
SN R Y 500
248 R

2.1 RN LL Sy

AMFFE T35 5% AR PEAG 45 S an 3k 3 i,
ACHIF ST 4 A 3 T 22 W AH 3 9 CT RN R 22 £ 19 DL
T EARMYERE . BRASTREE SN, HAR 3 A8
WAL T B A RE F AR, 0 R A (] 558 H At xo)
5 13.54% L) |

P16 JE7R T 45 A IR fty 4 B 0 P38 ARVAS Y PN 7T B
Olo MHERREEEE M BE o0, R BB A IriE R
AW RO, HE R H A DL 7 e 2 A5 E .
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Table 3 Evaluation results of the comparison model

pipeeyill TR HERR /% KRR /% AR Y% F15380%
LGRS )5k SVM 73.56 66.93 74.88 70.68
Logistical 74.96 68.63 79.55 73.69
RF 75.13 69.34 80.11 74.34
MLP 74.99 70.12 77.34 73.55
REE ] 7 ik RCNN 78.58 69.38 80.47 74.51
ResNet34 79.10 72.31 81.50 76.63
SECANet 81.65 74.32 80.87 77.46
RepVGG-A0 80.48 75.12 81.02 77.96
DC-Net 82.13 75.68 81.07 78.28
ABIESET5 v 83.87 72.46 95.04 82.23

SVM: ZHffail; RF: BEHLERAK; MLP: ZJZEHIHL.

Inference speed (case/s)
- Storage consumption/M

s B 160
7({’ E
% 5k 450 .E
8 4l lao &
= 4 40§
dé_ 3r -30%
8 2t 120 o
5 2
5 1f {10 §
{=} wn
=0 S - 0
%A@ ‘_\\cgv QS @6 S %&V Yv%@ QR,Q g <9 0&
e
& S L6
S E ¥ é &
&

El6 JRBYHHEIE R KRB FMEH BRI
Figure 6 Inference speed and model storage consumption

for each model

2.2 THEASEIR ST

PERES T 25 5 s . ASHIFST 2 0 A T Ml
FHEAH CT AR B s R AR 1 7k (R 4) . IR
7 AR B R 82.26%, T 44 B — R f A AR
(Viewl. View2. View3 Fl Viewd) (J#ERG =, (HLT
SR EDR 32(83.87%) . TENTHAE 1A, #5A5AY
LS, I CT S5 8000 ot A 5 Fr s i i
K, BE|T 88.57%, AT T ik HOAE B AR X 458
ik 7548 W Iy m, A5 7k G bl
(95.04%), I HA 55 10.73% DL F o FE ISR FI
YL, ARHIEGE R U e R AE L R 82.23%.
ROC Hli £k il PR il £ 25 3 W/ . ASHF 58 7 2 ROC
AUC(0.97)F1 PR AUC(0.97)4 A e, HB W T H

R (18] 7). X RBIEE AR X 73 RCC i B34
75 T EAT B e B M P A S R

£4 IEKRZE. Viewl, View2, View3. Viewd UREA
R S AT B

Table 4 Performance of clinical variables, Viewl, View2,
View3, View4, and the integrated model on the validation

set

Method Accuracy/% Precision/% Recall/% F1 score/%

Clinical 82.26 75.44 84.31 79.63
Viewl 80.65 88.57 60.78 72.09
View2 79.03 85.71 58.82 69.77
View3 75.00 66.13 80.39 72.57
View4 81.96 81.25 50.98 62.65
Ours 83.87 72.46 95.04 82.23

2.3 #EEGZEE AT

AR A SUE A B R 20 49, IR )
B 120, mHBERE M, Fi R (55+22)% . A
PR T ER B FR B M N 8 IR o izt
OS5 R HER R . R A ERS FL A8
HF185% . 77.78% . 87.5% M 82.35%, Ltbir, 1ZIFA
ZERE 2.1 S RIEAR B, XA T AN ik
ZALRE I S AR
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Figure 7 ROC curve and PR curve of the single-phase mutual influence and multi-phase models on the validation set

ROC: Receiver operator characteristic; PR: Precision-recall; AUC: Area under the curve; ACC: Accuracy.
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Figure 8 Confusion matrix of the predicted results for the
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