Hast Hall As e TR Vol. 45 No. 4
20264F 8 /1 Beijing Biomedical Engineering August 2026

HET- Stacking 11 i S Pl 75y
IR HER ETF EHE

W E B WA T A RS 2= 2] DTS R AU TR Y 67 5 A% O U R AR, TS
JR AR S W P (I WL o 773 B R IR T [ G T (Rl RS v O P i 91 i e S 5 Al £ L Al
A 3000 BIEEAS, #2255 B2 W45 SR Xl 20 by SRR A5 AR SEURE AL s 45 e PO BELEE SCR 0 125 PSA/SE PSA %
JIE 26 1 B/AEIR A 1 A1 PSR O AR AE 5 SR T 10 %870 57 1 42 52 96 33, DL BEHLAR AR (random forest,
RF) \%ﬁﬁﬁéfgﬁ%ﬂM(light gradient boosting machine, LightGBM) . CatBoost FA% ¥ £ & £ T (extreme
gradient boosting, XGBoost) i SRR Y | 3 o) D1 it 68 S HURAL 5 5 4753 J2 28 I IE 58 5 JEAS 8 (1) 24
T A IR b A HE S A Rl ] (Stacking)*ﬁﬁ! ;% ROC 2k T i FH (area under the curve, AUC) .
TR % (accuracy, ACC) \F1 505055 22 2 B 45 br VFAk AL R P BE | 18] i &5 5 V035 1) m ik f#% B¢ (Shapley
additive explanations, SHAP) , & AL A% Uy RN 1Y 51 B KO0 F00 25 SR i s i AR 1 . 85 R ## 1Y Stacking
B AR 25 PERE R IR AL, AE 00 ST B |- AUC 3K 0. 758 4=0. 023 9, HE (R MERE AL T 4% 80— JE B AL
SHAP 43 H7 ik 755 , U 15 PSA/EL PSA LU AR Sy fi o 2 9 00N AR AL , P A58 B 4y s Uik e K, BAE 2 4e S0 vh 3
MESGE o S5 BT Stacking AR L ST R RL HAT R4 1 TN PE RE 5 S (Ve L 255 SHAP ml A B 1 70 A
RE RS M 4 70~ A AU R SR AR AT 5 DG BRI HiE bs , PT R i 40) Mt s s DA B 300 7 A S e sl R SR AR I T 2 5 2%

KEEIA HTSIMRIE P T 5 L 2% 27 > s Stacking s SHAP A] g BEVE 43T

DOI: 10. 3969/j. issn. 1002-3208. 2026. 04. 003.

HESES R318 NERER A XEHS  1002-3208(2026)04-0348-08

AN ERER LRI EER, T3, % . 3T Stacking A FTS ARE BUMA AL [T ], Lt A9 E 2T
T2 ,2026,45(4) : 348-355. WANG Jiaqi, HAN Aiqging, WANG Ping, et al. A Stacking-based prostate cancer
prediction model[J]. Beijing Biomedical Engineering,2026,45(4 ) :348-355.

A Stacking-based prostate cancer prediction model

WANG Jiaqi, HAN Aiqing, WANG Ping, TANG Yan
School of Management, Betjing University of Chinese Medicine, Beijing 102488
Corresponding author: TANG Yan (E-mail: tangyan97_1017@sina. com)

[Abstract] Objective We build an interpretable machine learning model to predict prostate cancer
risk. The model screens out core warning indicators. It provides an objective basis for early diagnosis of
prostate cancer. Methods Data came from the prostate tumor warning dataset of the National Population Health
Data Center. The dataset contained 3 000 samples. Based on pathological diagnosis, we divided the samples
into a cancer group and a non-cancer group. From clinical pathological considerations, we constructed two

core ratio features: free PSA to total PSA ratio, and

ESTTE 5 T4 2 6 ) i Ak S 28 b O 1 S T 5 apolipoprotein B to apolipoprotein Al ratio. We
WL (GWITMB202510010047) AL BT i E 25 ke 24k Bl then used a 10-round independent repeated

T { (2025-JYB-PY-001) ¥ Bl experiment design. Four base models entered the
EFE BAL Lt PR 25 R BB (LAt 102488) study: random forest, LightGBM, CatBoost, and
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XGBoost. Bayesian hyperparameter optimization together with 5-fold stratified cross-validation tuned each
base model. On this basis, we built a Stacking ensemble model. We evaluated model performance using
multiple metrics, including AUC, accuracy, and F1 score. We also used the SHAP interpretation framework.
SHAP quantified the importance of core features and their influence on prediction results. Results The
Stacking ensemble model showed the best overall performance. On the independent test set, its AUC reached
0.758 4£0. 023 9. It outperformed all the single base models. SHAP analysis revealed that the free PSA to
total PSA ratio was the most important predictor. It contributed the most to the model output. This finding
remained stable across multiple experiments. Conclusions The Stacking-based ensemble learning model has
good predictive performance and robustness. Combined with SHAP interpretability, it clearly reveals the

model’ s decision basis and key risk indicators. This provides an important reference for early clinical
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screening and biopsy decisions in prostate cancer.
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Figure 1 Overall schematic diagram of the research

framework
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Table 1 Hyper parameter optimization space of base models
R 2, R Bt ZHGE
RF n_estimators (PR SRR 5 ) [50,120]
max_depth (B 55 KIREE) [4,8]
min_samples_leaf (M5 25 e /INEEAEY) [5,15]
min_samples_split (7 1553 245/ IMEA S [20,40]
max_features (FLERB i HIREAE LG 5] [0.5,0.8]
LightGBM n_estimators (55 >J # 4t ) [50,150]
max_depth (B RIEE ) [4,8]
learning_rate (%) ) [0.01,0.05] (X %ick)
num_leaves (M7 f4CH) [16,23]
lambda_12(1.2 IEJUAL R0 [10,50]
min_child_samples [10,20]
subsample (FEARREE 1)) [0.7,0.9]
colsample_bytree (FFAIFRAE LL 5] [0.7,0.9]
CatBoost n_estimators ( 552 > 55U ) [50,150]
depth (BHEREE) [4,8]
learning_rate (24> %) [0.01,0. 05] (%)
12_leaf_reg(L2 iF- MIfL 2 %50) [10,50]
min_child_samples [10,20]
subsample (FEACRAF: L f61]) [0.7,0.9]
colsample_bylevel ()22 FFIERAE L)) [0.7,0.9]
XGBoost n_estimators (552% > #5400 ) [50,150]
max_depth (B e KR ) [4,8]
learning_rate (25 >J %) [0.01,0. 05 ] (X #5380
lambda (1.2 IEAL R %0 [10,50]
alpha(L1 IENI{E R %0 [5,20]
min_child_weight [5,20]
subsample (FEARAE L 1)) [0.7,0.9]
colsample_bytree (FFAIFRAE L5 [0.7,0.9]
gamma (75 154324 B1H) [0,5]
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Table 2 Optimal hyper parameter settings of each model

LAY S E
RF n_estimators=50, max_depth=6, min_samples_leaf=10,
min_samples_split=33 ,max_features=0. 793 5
LightGBM n_estimators=105, max_depth=4,learning_rate=0. 047 6,num_leaves=29,
lambda_12=47. 578 0, min_child_samples=19, subsample=0. 819 6,
colsample_bytree=0. 884 4
CatBoost n_estimators=104, depth=4, learning_rate=0. 018 0,12_leaf_reg=28.243 0,
min_child_samples=18, subsample=0. 740 0, colsample_bylevel= 0. 802 9
XGBoost n_estimators=121, max_depth=4,learning_rate=0. 047 6,lambda=43. 297 7,
alpha=8. 185 1, min_child_weight=7, subsample=0. 736 7,
colsample_bytree=0. 760 9, gamma=2. 623 8
®3I BEBNKE SR LE
Table 3 Performance comparison of each model on test set
i) AUC ACC R SE Fl
RF 0.751 1+0. 023 1 0. 686 0+0. 016 4 0.737 7+0.017 1 0. 635 4+0.022 4 0.682 6+0.018 1
LightGBM 0.752 6+0. 021 7 0. 689 0+0. 0209 0.730 7+0. 023 8 0. 658 0+0. 025 9 0.692 2+0.021 3
CatBoost 0.756 3+0. 024 7 0. 690 7+0. 020 6 0.748 7+0. 023 9 0. 629 8+0. 023 1 0. 684 0+0. 021 7
XGBoost 0.749 1+0. 021 4 0. 688 5+0. 019 2 0.736 9+0. 024 6 0. 644 8+0.016 5 0. 687 7+0.017 8
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