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Classification of Pancreatic Cystic Neoplasms by Fusion of Multi-kernel Learning

and Multi-source Features
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Abstract: The classification of pancreatic cystic neoplasms into benign and malignant categories is crucial
for medical decision-making. This paper is dedicated to enhancing the accuracy of pancreatic cystic
neoplasms classification to assist physicians in formulating more precise diagnostic and therapeutic plans.
Utilizing radiomics technology and the ResNet50 neural network, a novel classification method for
pancreatic cystic neoplasms is proposed, integrating multi-kernel learning and multi-source feature fusion.
The key steps of this method include feature selection, kernel matrix fusion, and the construction of the
classification model. Feature selection is performed using the least absolute shrinkage and selection operator
(LASSO) to reduce redundant features and improve the model’ s generalization ability. Subsequently,

multi-source features, screened through feature selection, are mapped in basic kernel functions to construct
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basic kernel matrices for multi-source features. The weights of these kernel matrices are then optimized and
summed up to form a fused kernel matrix. Finally, a support vector machine (SVM) classifier is utilized to
categorize pancreatic serous and mucinous cystic tumors. The significance of this process lies in SVM’ s
ability to use the kernel matrix for inner product operations in high-dimensional spaces, thereby finding a
hyperplane to classify data in such spaces. The fused kernel matrix, containing multi-source information
after feature mapping, provides higher-dimensional and more complex feature representations.
Experimental results demonstrate significant performance improvements in the classification task of
pancreatic cystic neoplasms, offering more reliable auxiliary information to physicians and holding
substantial clinical application potential.

Key words: pancreatic cystic neoplasms; multi-kernel learning; multi-source features; radiomics; deep

learning
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Fig.1 Flow chart of the proposed method
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Fig.2 Clinical characteristic statistical chart
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Fig.4 Schematic diagram of multi-source feature fusion process based on multi-kernel learning
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By AT R AR WS 2 S, SRR O AR B T A .
3.4 MEAESRFEINSEBTHIELER

HRAE 25 4 2 4 B9 00 KR 6 A 4 L 48
FH 22 ¥ 2 20 (R Z2 U5 FFAE 1Y) il & B AL 72 PCN 1 43
FAL S R BRI MERE . S TR LT A
2% S m o0, b e R 42 5 500 f
R R 139, AUCE R = 3% . XRWI BB
2] eSSy 22 U5 S i B B 4 el A 1 A% eR B, O
W 22 PR R A AT A5k b e S 31 R 23 ] 1 45 22 R
R AR R A A [F] — 2 B v, DT BT il G ) 22
fiE .

4 HRIE

R3 ETEREINESHERERNSLERIEE
Table 3 Classification performance comparison of
multi-source features based on single ker-

nel learning

FEAE HEMR R Al AUC

I R A4 fiF 0.85 1.00 0.65  0.83

AR R IR 0.77 067  0.75 0.77
TR B 24 5] RRAE 0.63 0.67 0.10  0.53
K- R FEAE 0.87 1.00  0.65 0.84
K-S AR 2 FRAF 0.79 0.6 0.80  0.79
K-TRBE 5 2 R AR 0.65 1.00  0.05 0.53

x4 BAESZFIMSFEHLERH S LERLER
Table 4 Classification performance comparison of
fusion of multi-kernel learning and multi-

source features

FHAE MERR K Al AUC

Z IR 0.88 0.82 0.82 0.87
Sekhar M C" 0.79 0.37 0.58 0.73
Wang 21 0.862  0.868 0.687  0.812
MKL-Z i R 1F 0.92 0.93 0.82 0.90

AR SCHE TR AR 2 AR JEE °7 2] 1) 7 15 e i ek i $ MR PO N UBURRAE , O 1 3 SR AR AR TC A%, SR AR AR
235 [4) B4 4k 9 3, AT 36 BB S S0LA T il LASSO X 52 1% 41 7 5 40F A0 JEE 2 > S AE R A7 07 1% |, %
B GF H b 2 i 9 TN B AT S R W KRR AE o 3 R A O 8 T vk T R R E B i 0 A B 1 2K
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AT PCN [ I PRAFFAE SE A7 VA 8 4 T 58 43 7 I PRAFATE 55 PCN 43 28 Z A OC &R, R BHE )
PLE JEAR MRS BRI T2 )P SRS TUPAIE S BESS T | A AT ke g5 pp ok &
SRR AR AR R OB IS BUE 199 R IR BT IR AR I PRAFAE S PCN Z [B] 47 7 1 35 JCHE o 33X 2Ll
PRAFAEXTF PCN 9 8 M HA B X

HE 4 SVM 43 28 25 3L 7R, il B A% 7 36 % PON 9 2 U5 R AF iE A7 B RRAE LG, AT 5 Ak SVM X MCN
N SCN [ 732G i 5 il 244 ST il Z IR AR IEBEAS E— 4R T SVM 143 B3R Z B 2E TRl 2R
FHIE 432 MCN FIl SCN B R #2434 0.92 K5 i 34 1] 0.93, H a1 35 5 0.82, AUC {15 ] 0.90,

Sl o T e PR LR o JAT 55 AR SO T — Rl A% S 2 IR IR 1 oy JE T TR . TERY
TIE 42 JR Y B, AR R AU 1 R PR [, 43 A i PRARRAIE | 52452 27 e AR RNR 2 2 >0 R AIE |, 78 PR IR AS T X R —
BT LT AR R 5 04 B0 22 18] 1) 22 SR AT A 2 B b, DT A5 30 5 i 4 T R B A . 5
NG T3 25 K AN T) A V5L 1 R A1E 1) A 2% A AR R AU 255 [ I S8, AR A5 A R AR 6 B 5 1o 22 4% 2 20 O R K R TR ok
VR R AE HEAT Rl UM TR AP A S0 25 SR o LAk, ke A1) B A {52 8 50 L % Tk R 0 ek 1) 07 55 1 AR
SRR AT T 2 e % 1 Jie 88 1) 53248 B SRR, 138 W) AR R 9 0 i 45 22 4 2 20 N 22 IRV AIE 1 43 S B R X T
B A R RS 2T O 5 B — 2 I RN (B
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