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Prediction of Recurrence Risk of Diffuse Large B—cell Lymphoma based on
SMOTE-ENN and Deep Forest

Qiao Yu, Zhang Yanbo, Yu Hongmei,et al ( Department of Health Statistic ,School of Public Health ,Shanxi Medical University,
Taiyuan 030001 )

[ Abstract)
B-cell lymphoma ( DLBCL) who achieved complete response ( CR) following treatment at the hematology department of a
cancer hospital in Shanxi Province between 2011 and 2020, providing a reference for clinical management. Methods The least
absolute shrinkage and selection operator( LASSO) feature selection algorithm, combined with clinical expertise, was first used
to identify 21 significant variables influencing the 2—year relapse rate in DLBCL patients with CR. To address data imbalance,
synthetic minority oversampling technique( SMOTE) and synthetic minority oversampling technique and edited nearest neighbor
(SMOTE-ENN) were applied. Relapse predictions were conducted using seven classifiers on both the original and balanced
datasets. The deep forest ( DF) algorithm was then employed to build the relapse risk prediction model. Model performance was
evaluated using accuracy, precision, sensitivity/recall, specificity, F1-score, and G—means, while calibration was assessed
using the Brier score. Results The deep forest algorithm, when combined with the SMOTE-ENN method for data imbalance,
achieved the best performance (accuracy=0.932, precision=0.949, recall=0.944, specificity =0.910, Fl-score=0.946, G-
means=0.926, Brier score=0.068). Conclusion This study successfully combines the SMOTE—-ENN technique with the deep
forest classifier to predict 2 — year relapse risk in DLBCL patients who achieved CR. The model demonstrates excellent
performance and meets expectations.

[ Key words] Diffuse large B—cell lymphoma; Unbalanced data; Recurrence prediction; Deep forest

Objective To construct a 2—year relapse risk prediction model for 498 patients diagnosed with diffuse large
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J7 kBRI B DL EBFFE Al R R A0 g AN R
], (EBCE 2R RIAR B, 283 3o e 5 10 B R A T30
SMOTE-ENN, V) I 528045 5L 238 B SMOTE-ENN J&
— P A BT R s AL 3 5 | RE RS A AU
MR AR B S B R iz AL fE

R2 REERTE 40 ISRl HoA

WM iEdr AF#)%E DFE - NN RF SVM logit DT GNB

accuracy  SRFEH] 0.702 0.710 0.690 0.641 0.718 0.610 0.690
SMOTE 0.822 0.737 0.799 0.765 0.677 0.708 0.674
SMOTE-ENN 0.932 0.904 0.903 0.920 0.825 0.827 0.584

precision  SRAEHT 0.378 0.418 0.379 0.391 0.482 0.306 0.436
SMOTE 0.856 0.725 0.829 0.748 0.668 0.706 0.662
SMOTE-ENN 0.949 0.911 0.920 0.940 0.848 0.865 0.954

recall SRAERT 0.118 0.127 0.195 0.556 0.233 0.331 0.423
SMOTE 0.777 0.770 0.755 0.802 0.709 0.715 0.715
SMOTE-ENN 0.944 0.943 0.929 0.935 0.886 0.865 0.369

specificity SRAEHT 0.924 0.931 0.878 0.673 0.903 0.716 0.792
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