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HIGHLIGHTS

« We propose a stacking-based interpretable selective ensemble learning method.

o We select ensemble models with accuracy and complexity under consideration.

o We combine selected effective models by random forest-based stacking.

e The proposed method is more accurate and interpretable in prostate cancer detection.
o We extract a few of effective diagnostic rules for clinical decision support.

ARTICLE INFO ABSTRACT
Article history: Prostate cancer is a highly incident malignant cancer among men. Early detection of prostate cancer
Received 4 June 2018 is necessary for deciding whether a patient should receive costly and invasive biopsy with possible
Received in revised form 3 January 2019 serious complications. However, existing cancer diagnosis methods based on data mining only focus on
:5:{;‘:]‘: ;glji';‘;“;g ;‘L’f 2019 diagnostic accuracy, while neglecting the interpretability of the diagnosis model that is necessary for
v helping doctors make clinical decisions. To take both accuracy and interpretability into consideration, we
Keywords: propose a stacking-based ensemble learning method that simultaneously constructs the diagnostic model
Prostate cancer detection and extracts interpretable diagnostic rules. For this purpose, a multi-objective optimization algorithm
Ensemble learning is devised to maximize the classification accuracy and minimize the ensemble complexity for model
Stacking selection. As for model combination, a random forest classifier-based stacking technique is explored for
Rule extraction the integration of base learners, i.e., decision trees. Empirical results on real-world data from the General
Multi-objective optimization Hospital of PLA demonstrate that the classification performance of the proposed method outperforms

that of several state-of-the-art methods in terms of the classification accuracy, sensitivity and specificity.
Moreover, the results reveal that several diagnostic rules extracted from the constructed ensemble
learning model are accurate and interpretable.

© 2019 Elsevier B.V. All rights reserved.
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. Ensemble learning
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. Multi objective evolutionary process
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. Multi objective evolutionary process
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Step3 Rule extraction process
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Prostate cancer dataset
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Table 1
List of variables used in the experiments.

Variable category Variable ID Variable Variable description
Target variable 1 Label “0"—not prostate cancer, “1"—prostate cancer
Demographic information 2 Age Patient age
Physical 3 Volume Prostate volume
Examination 4 pdia The anteroposterior diameter of the prostate
5 B1 White blood cell count
6 B2 Monocytes
7 B3 Haematocrit (HCT) determination
8 B4 Red blood cell count
9 B5 Red blood cell volume distribution width (RDW)
10 B6 Lymphocytes
11 B7 Mean corpuscular volume (MCV)
Blood routine examination 12 B8 Mean corpuscular hemoglobin (MCH)
13 B9 Mean corpuscular hemoglobin concentration (MCHC)
14 B10 Basophile granulocytes
15 B11 Eosinophil count
16 B12 Eosinophilic granulocytes
17 B13 Hemoglobin determination
18 B14 Platelet count
19 B15 neutrophile granulocytes
Prostate Specific Antigen 20 tpsa Total prostate specjﬁc anFigen concentraFion
(PSA) examination 21 fpsa Free prostate specific antigen concentration
22 fpsa/tpsa The ratio of fpsa to tpsa
23 U1 Location of the urine 70% red cell's forward scattered light
24 u2 Urine white blood cell
25 u3 Urine white cell examination
26 u4 Urine specific gravity determination
27 us Qualitative test of bilirubin in urine
28 ue6 Qualitative test of urobilinogen
29 u7 Qualitative test of urine protein
30 us Urine red blood cell
31 u9 Urine red cell examination
32 u10 Urine erythrocyte forward scattered light distribution width
Urine routine examination 33 u1l1 Urine yeast cells
34 u12 Urinary epithelial cells
35 u13 Microscopic examination of urine epithelial cells
36 u14 Qualitative test of urine glucose
37 ui1s Urine acetone body test
38 u16 Urine conductivity
39 u17 Urine casts
40 u18 Urine crystallization
41 u19 Urine pH test
42 u20 Urine nitrite test
43 uz21 Urine color
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. Results

Subspace size / pareto-optimal solution set
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. Results

Validation and test results

Table 3

Validation and test results of Pareto-optimal solutions from one run.
Solution Ensemble Validation result Test result

complexity Accuracy Sensitivity Specificity Accuracy Sensitivity Specificity

A 1 0.7150 0.5571 0.8000 0.7204 0.3929 0.8615
B 2 0.7800 05143 0.9077 0.6989 0.3214 0.8615
C 3 0.8100 0.6571 0.8615 0.7419 0.6071 0.8000
D 4 0.8250 0.6857 0.8692 0.7204 0.6071 0.7692
E 5 0.8550 0.7571 0.8846 p.7634 0.5714 0.8462
F 6 0.8600 07143 0.8923 0.7527 0.6429 0.8000
G 7 0.8700 0.7857 0.9077 0.8387 0.7857 0.8615
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. Results

Test results

Table 4
Test results of the proposed method from 25 runs.
Run number Ensemble Testing results
complexity Accuracy Sensitivity Specificity

1 7 0.B387 0.7857 0.8615
2 11 0.8172 07143 0.8615
3 8 0.8602 0.8214 0.8769
4 10 0.8387 07143 0.8923
5 9 0.7957 07143 0.8308
6 7 0.8172 0.7500 0.8462
7 7 0.8065 0.7500 0.8308
8 7 0.8065 0.6429 0.8769
9 10 0.8172 0.7500 0.8462
10 7 0.8602 0.8571 0.8615
11 9 0.8495 0.7500 0.8923
12 8 0.8065 0.6786 0.8615
13 18 0.8280 0.7500 0.8615
14 11 0.8172 0.7500 0.8462
15 12 0.8387 07143 0.8923
16 9 0.8280 0.7500 0.8615
17 12 07849 0.8214 0.7692
18 8 0.8065 0.6071 0.8923
19 19 0.8172 0.6786 0.8769
20 9 0.8280 0.7857 0.8462
21 10 0.8280 07143 0.8769
22 6 0.8065 0.7500 0.8308
23 5 0.8065 0.6786 0.8615
24 9 0.8280 0.7500 0.8615
25 10 0.8387 0.7857 0.8615
Min 5 0.7849 0.6071 0.7692
Median 9 0.8172 075 0.8615
Max 19 0.8602 0.8571 0.8923
Ave 9.52 0.8228 0.7386 0.8591
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. Results

Comparison with other machine learning methods

Table 5
Classification results of different methods.
Method TP% FP% TN% FN% Accuracy Sensitivity Specificity
DT 24.07% 10.62% 54.15% 11.17% 07878 0.6938 0.8290
Linear-SVM 17.02% 17.66% 42.82% 2250%  0.6044 0.4908 0.6556
RBF-SVM 0.00% 34.69% 65.31%  0.00% 0.6989 0.0000 1.0000
RBF 12.39% 22.30% 45.42% 19.90%  0.6954 0.3571 0.6954
Proposed method 25.62% 9.07% 56.11% 9.20% 0.8228 0.7386 0.8591
Table 6
Classification results of several ensemble methods under same complexity.
Method Mean + STD. p-value (Method VS. Proposed method)
Accuracy Sensitivity Specificity Accuracy Sensitivity Specificity
Proposed method 0.8228 = 0.0189 0.7386 + 0.0562 0.8591 + 0.0265 - - -
AdaBoost 0.7947 +0.0138 0.7208 £+ 0.0357 0.8266 = 0.02448 0.0300 0.0550 0.0390
Gradient boosting 0.7957 £ 0.0113 0.6786 = 0.0157 0.8462 = 0.0111 0.0000 0.0000 0.0070
Random forest 0.8065 + 0.0235 0.7143 = 0.0564 0.8462 = 0.0326 0.0000 0.0620 0.0000
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. Results

Extracted rules

Z best sub- ensembleol N+ 117H°| base learnerE 2t

Zil X
. XZT RO £ 1907 > H|OtEe FAl == diHEo M

age><71.5

fpsa<=6.395 age<>50

B"><0 0555 B14= <163 5 B7<>88.7

BlO<\0 0095 Lwoo 75 ) ( 8 ) Ulo<=59 B11><0.125
o 0.2778 ‘
2 Bs><13 35 fpsa><0.15  (11)  fpsa><0.295 B11><0.125

(1
-/ \ /
0.0541 0.6667 0.8700 0.8571 ‘
N ) ; 0 ek >
4 5 l() ‘IOC"’I B2><0.0665 B2<=0.062 (19

0.2500 1 0.1481 06364 I 1
A7) (18)
17)
NI

w575 (i5) (1) (i
CZ/I U19><6.75 I\S/ 1

1
03750 0.9259 0.4286 0.9375

O,

02143 0.8333

' KOREA

UNIVERSITY




. Results

Extracted rules
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Table 8 Table 9
Interpretable rules after ranking with accuracy higher than 0.9000. The performance of the extracted rules.
Rule ID Tree ID Weight Rule Rule ID Performance on all data Performance on test data Comprehensive indicators
] 9 0.1432 1F age< 47.5 AND pdia< 2.35 AND B6>— 0.3225 THEN label — 0 Coverage Accuracy Coverage Accuracy Complexity Average accuracy Score
3 0.1845 1.0000 0.1068 1.0000 09412 1.0000 0.2643
36 1 0.0918 IF age< 50 AND B14>= 163.5 THEN label = 0 36 0.3301 09118 0.1748 1.0000 0.9706 0.0559 02490
10 9 0.1432 IF age< 47.5 AND pdia< 2.35 AND B3< 0.3375 AND B6 < 0.3225 10 0.0777 1.0000 0.0485 1.0000 09118 1.0000 0.1611
THEN label =0 17 0.4563 0.9574 0.0680 1.0000 0.8824 0.9787 0.1543
5 0.1748 0.9444 0.0194 1.0000 09412 09722 0.1519
17 6 0.0787 IF age< 77.5 AND age>= 50 AND volume>= 50.62 AND B7>=77 1 0.1553 08750 00291 10000 08524 09375 0.1502
AND B12< 0.037 THEN label = 0 6 0.0485 1.0000 0.0194 1.0000 09118 1.0000 0.1023
5 10 0.1147 IF pdia>= 1.95 AND B3< 0.299 AND B15>= 0.68 THEN label = 0 ?3 g-ﬁig ?-gg% 8-8533 }-%gg ggg;ﬁ ?-3‘3)32 g-gg;
1 9 0.1432 IF age>= 47.5 AND age< 71 AND pdia< 2.35 AND fpsa/tpsa>= 18 00194 1.0000 0.0097 1.0000 09118 1.0000 0.0606
0.2419 AND B13>= 148.5 THEN label = 0 34 0.1553 0.8125 0.0388 1.0000 0.8529 0.9063 0.0530
6 10 0.1147 IF pdia>= 1.95 AND B3< 0.299 AND B5< 14.35 AND B15< 0.68 29 0.1068 1.0000 0.0097 1.0000 0.8824 1.0000 0.0423
THEN label — 1 35 0.1165 09167 0.0201 1.0000 07647 0.9583 0.0214
33 2 0.0551 IF pdia< 2.15 AND fpsa>= 1.215 AND B4>= 3.44 THEN label = 0
1 11 0.0768 IF age< 76.5 AND age>= 47.5 AND tpsa>= 1.78 AND U10< 27
AND B13>= 138.5 THEN label =0
18 6 0.0787 IF age< 77.5 AND age>= 50 AND volume>= 32.28 AND B7< 77
THEN label =1
34 2 0.0551 IF pdia< 2.15 AND fpsa< 1.215 AND fpsa>= 0.095 AND B4< 4.705
AND B6>= 0.1395 AND B13< 103.5 THEN label =0
29 3 0.0512 IF age>= 82 AND volume>= 12.01 AND U10< 27 AND U14< 650
AND B7< 90.3 THEN label =0
35 2 0.0551 IF pdia< 2.15 AND fpsa< 1.215 AND fpsa>= 0.085 AND B4< 4705

AND B6< 0.413 AND B6>= 0.2455 AND B7>= 88.95 AND B10>=
0.0065 AND B13>= 103.5 THEN label = 1
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4. Conclusion
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. Conclusion
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