4 55 %4 3 1) Moal it & it KR ¥ o ik Vol. 55 No. 3
20234 6 H Journal of Nanjing University of Aeronautics &. Astronautics Jun. 2023

DOI:10. 16356/j. 1005-2615. 2023. 03. 019

EMES4EEEHHERER SR AEN

MO BRA
(L. 25 K2 PR BUR 3 15 R 5 ¢ 211106
2. T HVBER 5B DL A 40 A 4452305 3¢ 211106)

WE . &k F A (Desision tree, DT) £ R Z{EFT TG 5 H R o EMBFARBLEZE S ERLEFFEAL, 2R EK
ST AER TR RSN —REHRBEAELEMN (LN AT LS ERLEUARILKX, AT
HRAMK — Bk AR B T HA RS S EN, 5 A A e Ao B R R KNk

within the same class, BNM) #= F] — ¥ & A #9 & % 1 (Within-class compactness and between-class separation in the
same inner node, CSN) 5 45 Z E FM &4, W T AEER AT EFT XA K, A #H T B BaTes — A B3 &1k
SR E AR EZIANBE KB RARIEL AT BAT AR S AL S R UG L R KA BNM A= & >t CSN #
RRAW A E ARG A T E Loy B3 b, L3N T 234 ey & ke B Ak 48 K AR JE 0 it g R
WA S R A AL A T R o LR A LN A A ET AR - SRR, E2DIAFERIE
BB SR Ay b B ROR W AR N T 9 2 KA R B T M M AR AR T S A M, BLAR I T AL R R RA
LENGDTsZEEF A,

KB kKA 5 LR A B S S B M

HESES TPISI NERARED A MEH S :1005-2615(2023)03-0534-10

18] ¥ (Between-node margin

Novel Splitting Criteria for Decision Trees with Combination of
Structure and Purity
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(1. College of Computer Science and Technology, Nanjing University of Aeronautics &. Astronautics, Nanjing 211106, China;
2. MIIT Key Laboratory of Pattern Analysis and Machine Intelligence , Nanjing 211106, China)

Abstract:As a critical part of desision tree (DT) growth, its nodes can be split to grow by either axis- or non-
axis—aligned way based on such splitting criteria as purity and misclassification error. However, these have
nothing to do with the geometric structure of data, e.g. multicentric data or single-center data. In order to
compensate for this, two splitting criteria are proposed by combining the between-class margin in the same
inner node (BCM) and the betweennode margin within the same class (BNM) respectively with the purity
measure in weighting and the two-step method. Unlike traditional greedy growth of DT which only finds the
current locally optimal splitting point, the proposed method first selects the top=4 purity splitting nodes, then
determines the optimal one by maximizing BCM and minimizing BNM. Since not only alleviating purity-based
local optimality but also considering global structures of the data, our method greatly improves the division of
descendant nodes and generalization of the formed trees, while enhancing the interpretability. In addition, two
aforementioned splitting criteria can be combined to further boost the performance. The comparison results on

21 benchmark datasets show an improvement in predictive performance of new trees with reduction in
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complexity, while also are competitive with many other DT's using hybrid splitting criteria.

Key words: decision tree; split criterion; global structure; purity; data structure
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TR JE R 8 28 AR 2 ) B4 B A LA F BRI . 58
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Table 1 Comparison of hybrid splitting criteria
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Table 2 Comparison results of test accuracy

¥ T L BN

Dataset P A C45  Gini OEMMT oppg gpep BNMA o CSNE ctsll\\l/[i
“nsts “Ftrs C4.5 Gini Gini Gini
diabetes 768 8 0.6810 0.7239 0.7200 0.7135 0.7031 0.748 74 0.722 6y 0.736 94
yeast_banlance 1484 8 0.6597 0.7015 0.6705 0.6853 0.6860 0.721 00 0.683 3y 0.724 44
Diabetic 1762 19 0.6247 0.6282 0.6342 0.6308 0.6264 0.64814 0.617 7y 0.630 8t
Algerian_Forest_Fires 244 10 0.9591 0.9548 0.9713 0.9713 0.9795 0.959 00 0.971 3% 0.971 34
dam-ba“lzi‘t’ifn-amhem 1372 4 09745 09461 0.9818 09781 0.9898 0.9884A 0.9454y 0.990 54
adult 32 561 108 0.8194 0.8398 0.8186 0.8200 0.8170 0.854 64 0.834 9y 0.852 94
Raisin_Dataset 900 7 0.8089 0.8178 0.8122 0.8211 0.8233 0.8556% 0.824 4% 0.860 04
KnuggetChase3 194 39 0.7623 0.8248 0.7783 0.8197 0.7889 0.8198y 0.840 24 0.840 24
sonar 208 60 0.6679 0.7021 0.7115 0.7064 0.7930 0.6832y 0.774 & 0.793 14
waveforml_R 5 000 21 0.8270 0.8368 0.8322 0.8394 0.8530 0.849 2+ 0.8458% 0.855 44
waveform0_R 5 000 21 0.7982 0.8186 0.8036 0.8120 0.8260 0.826 8% 0.822 4+ 0.827 64
waveform2_R 5 000 21 0.8264 0.8572 0.8386 0.8374 0.8594 0.867 4+ 0.857 8% 0.863 64
appendicitis 106 7 0.7823 0.8485 0.7823 0.7918 0.8208 0.858 0 0.867 5* 0.867 54
australian 690 14 0.8058 0.8522 0.8203 0.8130 0.8435 0.8652% 0.789 9y 0.789 9y
german 1000 20 0.6690 0.6970 0.6880 0.6940 0.6910 0.736 00 0.700 & 0.742 04
bupa 345 6 0.6232 0.6551 0.6377 0.6377 0.6870 0.666 74 0.649 3y 0.672 5}
banana 5 300 2 0.8725 0.8774 0.8728 0.8728 0.8708 0.887 54 0.873 0y 0.887 24
ecoil2 336 7 0.8871 0.9285 0.9255 0.9135 0.9345 0.93144 0.9255¢ 0.952 3}
ecoil3 336 7 0.9047 0.9076 0.9375 0.9404 0.9346 0.916 64 0.916 64 0.931 5
divorce 170 54 0.9529 0.9647 0.9706 0.9706 0.9765 0.970 6 0.964 7y 0.970 64
Occupancy _estimation 10 129 16 0.9983 0.9980 0.9982 0.9982 0.9994 0.9957y 0.998 3% 0.999 04
x3 HASEEHXEER
Table 3 Comparison results of model complexity
Dataset Gini BNM+ Gini CSN+Gini BNM+ CSN+ Gini
depth leaf_nodes  depth leaf nodes depth leaf nodes  depth leaf_nodes

diabetes 12.0 53.2 10.4~/ 30.0 10.0~/ 748  10.0/ 34.8

yeast_banlance 22.0 128.4 13/ 26.2 16.4~/ 187.2  11.6v/ 85.6

Diabetic 16.2 98.0 9.8V 39.2 14.67/ 139.0 16.6~/ 106.8

Algerian_Forest_Fires 2.2 3.4 2.2 3.2 3.0 4.2 3.2 4.6

data_banknote_authentication 6.2 15.6 6.0~/ 20.0 6.4 14.8 6.0~/ 17.2

adult 41.8 1216.6 24.8</ 269.0 39.8 1442.8  19.8V/ 128.0

Raisin_Dataset 10.4 43.6 2.8V 4.4 11.0 58.6 1.0/ 2.0

KnuggetChase3 3.8 6.2 3.4~/ 6.0 5.0 11.6 3.24/ 5.6

sonar 5.0 10.0 5.0 11.8 4.67/ 12.4 4.4/ 15.2

waveforml R 16.4 151.2 12.8/ 74.4 14.2/ 153.2 13.0v/ 132.2

waveform0_R 14.0 167.6 13.44/ 99.2 11.2v/ 209.6 11.2+/ 109.6

waveform2_R 15.8 145.0 12.6+/ 107.2  13.8V 156.2 12.44/ 110.0

appendicitis 2.4 4.2 1.8 3.2 2.0~/ 3.2 2.0~/ 3.6

australian 10.4 33.2 8.8V 22.8 12.0 55.0 8.2v/ 18.8

german 13.6 78.2 12.2+/ 39.2 12.8V 103.0  12.0v/ 49.4

bupa 9.2 39.0 7.8V 21.0 8.2/ 43.2 8.0~/ 23.2

banana 22.8 243.2 14.2+/ 102.8  17.0v/ 355.4 15.44/ 126.0

ecoil2 6.2 14.2 4.2+/ 8.2 5.8/ 14.2 4.4/ 9.4

ecoil3 6.4 11.6 4.67/ 6.8 6.0~/ 14.8 6.8 15.2

divorce 1.4 2.4 1.4 2.8 1.6 2.8 1.2v/ 2.4

Occupancy _estimation 4.4 6.8 3.0~/ 4.6 5.0 8.8 8.4 12.4

Gini FEAL T &, CSN+Gini FEE T 13 S ig 4 Gini.BNM+CSN+Gini 43 I 7E 8 #1 11 % 98 &
52 = 3, 3 Ut I 2 1B 4 JR) 445 A4 A TR 40 22 ofE ) g B B /M S, CSN A+ Gini (X FE— /N8P 42
g [ AR AR Y A 2% 8 4 v B A Tl R B E . BNM A+ AR PR R R e 2808 4 - BNM s
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Table 4 Ablation experiments

43 S8 HE |
acc depth leaf_nodes
BNM CSN
x x 0.839 1 11.6 117.7
J x 0.848 6 8.3 43.0
X N/ 0.843 3 10.5 145.9
N N/ 0.856 8 8.5 48.2

3.4 B¥HH
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Fig.2 Histogram of distribution of optimal parameters
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