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Precise Prediction of Diffuse Large B —Cell Lymphoma based on Multiple

Random Empirical Kernel Learning Machine
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University(030001) , Taiyuan)
[ Abstract] Objectives

after complete remission based on multiple randomized empirical kernel learning machine to provide a basis for patient treatment

To construct a prediction model of relapse in diffuse large B-cell lymphoma within two years

decisions. Methods
record database of a tertiary hospital in Shanxi Province from 2010 to 2020, a relapse prediction model was constructed based on

Using the information of 445 patients who met the requirements of this study in the electronic medical

five common categories of imbalance treatment methods and a multiple stochastic empirical kernel learning machine, and
compared with the five classifiers. Results The recurrence prediction model based on SMOTE Tomek Links + multiple
randomized empirical kernel learning machine achieved optimal classification performance ( accuracy = 0.89, precision = 0.87,
recall=0.92, f1-Score=0.89, brier score=0.11). Conclusion For the actual DLBCL dataset, in this paper, we used SMOTE
Tomek links to process the imbalance data and construct a multiple randomized empirical kernel learning machine, which

achieves the optimal model performance with low computational complexity and can provide a powerful reference for DLBCL

recurrence prediction.
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SMOTE+Tomek Links 0.77 0.74 0.83 0.77 0.16
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T L2 SR R TE XS B ZE S B R P e B A . Herh | logistic 183 logistic [0 ; SVM C3% St [ f AL ; RF 1CEBENLARAK ,

NEEASBERLRAEHI J5 X HE AT, R ECE #1474
P BRI R 4 4 PR AR, TR R R R R R
R R RAR, AT AT R BT A 2, EXS
WA T AT A BRSO IR E T, UE ]

X B AT ANl A R AR A LY, R — 2R
H1, SMOTE+Tomek links A F AN - 5405 i) 55075 43 2
W RIS T 5l



o E ARG 2024 4F 6 5 41 558 3 0]

it it

ARG b SAS - B0 g 22 28 3 A 4
IR B R SR T TORG B, T e A
K H1 SMOTE J8:12: A 33U AL 7 I e 3 1 I 0 1 )%
e BOPE R i S BRI IR 25, Lin
SMOTE+Tomek links i, F T+ 28 FftAS [m] 98 i 25 4 5 i
SER A E 3 DNA H SR £, 25 % W], SMOTE
+Tomek links &b FRASEAi B2 2 K0 s 1) 7 1 2+ %
[, TESRBRGE 46 3T A 528 2T 10 2 2 50 12 e 5
ISR T FLUBRAE (0 58 B2 W7 s Fei 2512 45 5%
TR SR T W 57 22 25042 43 S 28 1 FH T ki 9
HIEWT, YA AR T T 2k E

ASCHE DLBCL 1Y SE BRECHE 4 1, 56 T F R 28 51
AN A Ah 3 DL T 7S Tl 43 e 25 A A5 Y X DLBCL f&
BN R AT T 1000, ff BSE S ANY-Al )t
J&i R DLBCL & & (835 19 43 S M o 5 A ) i 4
Ft. Hrp SMOTE Tomek links #4fi FH | BEREAR T 2
FT 3 SRAE M S HA A AU, A e T R AT KR A 1] i
SEE BB, [ Z LA A% 2K, 2
— e P 0 P A BRSO R A DA i A2 ] BE AL 38 4%
23 [R5 2%, A e R o I IR AR T A 4%

ARG R ZALTE T A RS —, H
RIFFEUERH (i F ok B 2B i B 25 3 v 4 2tk
e, ASURI T IR R 25 #1015 8, R 7843 F
CT EI4/PET-CT SFEZ5 b ifE R . T —L 314
WEEAES AR B, N2 LN & i i 2 R 2%
BRSPS E BE

2 £ x #t

[ 1] Sehn LH, Salles G. Diffuse large B-cell lymphoma. New England
Journal of Medicine, 2021, 384(9) : 842-858.

[2] sk, B, RE, 4. FIZ A HHUHA CHOP/EPOCH Jr 2ifyT
PR R B AN MK ELRT SR MR ST SO S IR B A A TP SRR I
WA ZRis, 2020, 28(6) : 1912-1918.

[ 3] Coiffier B, Sarkozy C. Diffuse large B-cell lymphoma; R-CHOP
failure—what to do? Hematology 2014, the American Society of He-
matology Education Program Book, 2016, 2016(1) : 366-378.

[4] Zou Q, Xie S, Lin Z, et al. Finding the best classification threshold
in imbalanced classification. Big Data Research, 2016, 5. 2-8.

[5] Tao M, Song T, Du W, et al. Classifying breast cancer subtypes u-
sing multiple kernel learning based on omics data. Genes, 2019, 10
(3): 200.

[ 6] Wilson CM, Li K, Yu X, et al. Multiple-kernel learning for genom-
ic data mining and prediction. BMC bioinformatics, 2019, 20(1) .
1-7.

[ 7] Shanka K, Lakshmanaprabu SK, Gupta D, et al. Optimal feature-
based multi-kernel SVM approach for thyroid disease classification.
The journal of supercomputing, 2020, 76(2) . 1128-1143.

[ 8] Arriaga RI, Vempala S. An algorithmic theory of learning: Robust

- 343

concepts and random projection. Machine learning, 2006, 63(2) :
161-182.

[ 9] Xiong H, Swamy MNS, Ahmad MO. Optimizing the kernel in the
empirical feature space. IEEE transactions on neural networks, 2005,
16(2) . 460-474.

[10] Fan Q, Wang Z, Zha H, et al. MREKLM  a fast multiple empirical
kernel learning machine. Pattern Recognition, 2017, 61: 197-209.

[11] ZER, FRR, Wk, % hERE K B iRk EmE e 5iE
JTART (2013 4R . AR IR 24K, 2013, 34(9) : 816-819.

[ 12] Tibshirani R. Regression shrinkage and selection via the lasso. Jour-
nal of the Royal Statistical Society: Series B ( Methodological ) ,
1996, 58(1) . 267-288.

[13] Fan S, Zhao Z, Yu H, et al. Applying probability calibration to en-
semble methods to predict 2-year mortality in patients with DLBCL.
BMC Medical Informatics and Decision Making, 2021, 21(1); 1-
12.

[14] Vardhana SA, Sauter CS, Matasar MJ, et al. Outcomes of primary
refractory diffuse large B-cell lymphoma( DLBCL) treated with sal-
vage chemotherapy and intention to transplant in the rituximab era.
British journal of haematology, 2017, 176(4) : 591-599.

[15] Singh A, Purohit A. A Survey on Methods for Solving Data Imbal-
ance Problem for Classification. International Journal of Computer
Applications, 2015, 127(15) : 37-41.

[16] Chawla NV, Bowyer KW, Hall LO, et al. SMOTE: Synthetic Mi-
nority Over-samplingTechnique. Journal of Artificial Intelligence Re-
search, 2002, 16(1) . 321-357.

[17] Han H, Wang WY, Mao BH. Borderline-SMOTE: A New Over-
Sampling Method in Imbalanced Data Sets Learning. International
conference on intelligent computing, Springer, Berlin, Heidelberg,
2005 878-887.

[18] He H, Bai Y, Garcia EA, et al. ADASYN. Adaptive Synthetic
Sampling Approach for Imbalanced Learning. 2008 IEEE Internation-
al Joint Conference on Neural Networks, 2008 1322-1328.

[ 19] Batista GE, Prati RC, Monard MC. A study of the behavior of sev-
eral methods for balancing machine learning training data. ACM
SIGKDD explorations newsletter, 2004, 6(1) ; 20-29.

[20] Bach FR, Lanckriet GRG, Jordan MI. Multiple kernel learning, con-
ic duality, and the SMO algorithm. Proceedings of the twenty-first
international conference on Machine learning. 2004 : 6.

[21] Cristianini N, Shawe-Taylor J. An introduction to support vector ma-
chines and other kernel-based learning methods. Cambridge universi-
ty press, 2000.

[22] EAMIE, B, xR, 5. 5T SMOTE Sk fby7 i 35 T
WP SE R U R B A . T R i A A, 2021, 20(12)
1094-1101.

[23] Liu C, Wu J, Mirador L, et al. Classifying dna methylation imbal-
ance data in cancer risk prediction using smote and tomek link meth-
ods.International Conference of Pioneering Computer Scientists, En-
gineers and Educators. Springer, Singapore, 2018; 1-9.

[24] TEHRHE, TEBE, TGRSF. 2T A L% L2 2R W42
TR T LA B2 W bR . AW B A TR A
&, 2021, 38(1): 30-38.

[25] Fei X, Wang J, Ying S, et al. Projective parameter transfer based
sparse multiple empirical kernel learning Machine for diagnosis of

brain disease. Neurocomputing, 2020, 413 271-283.
SRS K D)





