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Much of previous attention on researches of the decision tree focuses on the splitting criteria and optimization of

tree size. Nowadays the quantity of the data increase

and relation of variables becomes very complex. And

hence, this comes to have plenty number of unnecessary node and leaf. Consequently the confidence of the

explanation and forecasting of the decision tree falls off.

In this research report, we propose some decision tree algorithms considering the interaction of predictor

variables. A generic algorithm, the k-1 Algorithm, d

ealing with the interaction with a combination of all

predictor variable is presented. And then, the extended version k-k Algorithm which considers with the
interaction every k-depth with a combination of some predictor variables. Also, we present an improved
algorithm by introducing control parameter to the algorithms. The algorithms are tested by real field credit card

data, census data, bank data, etc.
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Figure 2. Decision tree for the credit evaluation.
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Figure 4. Decision tree for C4.5.
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Table 3. Analysis results of Bank H
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Figure 5. Decision tree for the level 2 variable
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Table 2. Data of the Bank H

. . * 6 attribute
predictor variable

* 5 element
target variable * terminate/renewal
training data * 80,000 cases

testing data * 20,000 cases

* Node - total number of node
estimate * Ratio - misclassification ratio
* Risk - misclassification risk

. . confidence : 80%, Minimum number of cases:1000 | confidence : 100%, Minimum number of cases:0
Algorithm | analysis

depth 2 depth 4 full tree depth 2 depth 4 full tree

Node 18 58 60 23 182 278
C4.5 Ratio 0.2997 0.2085 0.2063 0.3250 0.1538 0.0908
Risk 0.2845 0.2842 0.3052 0.2845 0.3319 0.2947

Node 19 59 59 25 179 251
(11:;) Ratio 0.2675 0.1668 0.1668 0.2611 0.1108 0.0730
Risk 0.2500 0.2680 0.2680 0.2500 0.3106 0.2731
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Table 4. Data of the Credit Card Company

. . * 9 attribute
predictor variable

* 2 element
target variable * approval/disapproval
training data * 80,000 case
testing data ¢ 20,000 case

* Node - total number of node
estimate ¢ Ratio - misclassification ratio
e Risk - misclassification risk
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Table 5. Analysis results of the credit card company
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confidence : 80%, Minimum number of confidence : 100%, Minimum number of
Algorithm analysis cases:1000 cases:0

depth 2 depth 4 full tree depth 2 depth 4 full tree

Node 5 11 21 7 29 167
C4.5 Ratio 0.1688 0.1475 0.1413 0.1687 0.1466 0.1047
Risk 0.0650 0.0900 0.0950 0.0650 0.0900 0.0612

Node 5 9 25 7 31 147

(ll:;) Ratio 0.1688 0.1452 0.1346 0.1687 0.1450 0.0923
Risk 0.0650 0.0750 0.0850 0.0650 0.0750 0.0575
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Table 6. Test results of the proposed methods

Keunseob Kwon * Gyunghyun Choi

. (variable, ) k=2(2-2) k=3(3-3) k=m(m-1)
list \ C4.5
s category) Anaysis 0.50 o 20 0.50 o 20 0.50 o 20
Node 16 15 17 17 15 17 17 15 17 17
| 6, 2) Ratio 0.1123 ] 0.1058 | 0.0758 | 0.0758 | 0.1058 | 0.0758 | 0.0758 | 0.1058 | 0.0758 | 0.0758
’ Risk 0.0987 ] 0.0902 | 0.0814 | 0.0814 | 0.0902 | 0.0814 | 0.0814 | 0.0902 | 0.0814 | 0.0814
CPU Time 1 3 3 3 3 3 3 21 22 24
Node 55 51 51 58 51 51 58 51 58 58
) 6, 3) Ratio 0.3451 | 0.3268 | 0.3268 | 0.2416 | 0.3268 | 0.3268 | 0.2416 | 0.3268 | 0.2416 | 0.2416
’ Risk 0.4568 | 0.4351 | 0.4351 | 0.2984 | 0.4351 | 0.4351 | 0.2984 | 0.4351 | 0.2984 | 0.2984
CPU Time 5 14 15 18 15 16 19 66 68 77
Node 48 46 45 45 46 45 45 45 45 45
3 6, 4) Ratio 0.2645 | 0.2451 | 0.2215 | 0.2215 | 0.2451 | 0.2215 | 0.2215 | 0.2215 | 0.2215 | 0.2215
’ Risk 0.2984 | 0.2754 | 0.2465 | 0.2465 | 0.2754 | 0.2465 | 0.2465 | 0.2465 | 0.2465 | 0.2465
CPU Time 5 12 12 13 12 12 12 51 55 62
Node 60 59 59 59 59 59 59 59 59 59
4 6, 5) Ratio 0.2063 | 0.1668 | 0.1668 | 0.1668 | 0.1668 | 0.1668 | 0.1668 | 0.1668 | 0.1668 | 0.1668
’ Risk 0.3052 | 0.2680 | 0.2680 | 0.2680 | 0.2680 | 0.2680 | 0.2680 | 0.2680 | 0.2680 | 0.2680
CPU Time 6 12 13 15 11 11 13 59 62 70
Node 9 10 11 13 10 11 13 12 11 13
5 (7, 2) Ratio 0.0571 | 0.0543 | 0.0535 | 0.0511 | 0.0543 | 0.0543 | 0.0511 | 0.0537 | 0.0522 | 0.0511
’ Risk 0.0978 | 0.0968 | 0.1023 | 0.1045 | 0.0968 | 0.1023 | 0.1045 | 0.1012 | 0.1009 | 0.1134
CPU Time 1 2 3 3 2 3 3 15 16 19
Node 26 31 25 25 30 25 25 30 27 27
6 7, 3) Ratio 0.1975 1 0.1842 | 0.1659 | 0.1659 | 0.1876 | 0.1659 | 0.1659 | 0.1876 | 0.1597 | 0.1597
’ Risk 0.2254 | 0.2165 | 0.1965 | 0.1965 | 0.2203 | 0.1965 | 0.1965 | 0.2203 | 0.2412 | 0.2412
CPU Time 2 7 7 7 9 9 11 27 30 35
Node 38 42 42 42 42 42 42 42 42 42
7 (7, 4) Ratio 0.2761 | 0.2416 | 0.2416 | 0.2416 | 0.2416 | 0.2416 | 0.2416 | 0.2416 | 0.2416 | 0.2416
’ Risk 0.3212 ] 0.3068 | 0.3068 | 0.3068 | 0.3068 | 0.3068 | 0.3068 | 0.3068 | 0.3068 | 0.3068
CPU Time 5 16 17 19 19 22 25 59 66 76
Node 64 61 54 54 61 54 54 63 54 54
3 7, 5) Ratio 0.2231 | 0.2101 | 0.1849 | 0.1849 | 0.2101 | 0.1849 | 0.1849 | 0.2031 | 0.1849 | 0.1849
’ Risk 0.1965 | 0.1869 | 0.1648 | 0.1648 | 0.1869 | 0.1648 | 0.1648 | 0.2154 | 0.1648 | 0.1648
CPU Time 7 22 22 26 26 29 33 75 81 88
Node 24 24 24 24 24 24 24 24 24 24
9 @8, 2) Ratio 0.1642 ] 0.1642 | 0.1642 | 0.1642 | 0.1642 | 0.1642 | 0.1642 | 0.1642 | 0.1642 | 0.1642
’ Risk 0.1609 ] 0.1609 | 0.1609 | 0.1609 | 0.1609 | 0.1609 | 0.1609 | 0.1609 | 0.1609 | 0.1609
CPU Time 2 6 6 6 7 7 7 22 24 27
Node 31 29 36 36 29 36 36 30 36 36
10 @8, 3) Ratio 0.1124 | 0.1067 | 0.0843 | 0.0843 | 0.1067 | 0.0843 | 0.0843 | 0.1006 | 0.0843 | 0.0843
’ Risk 0.2341 | 0.2234 | 0.1675 | 0.1675 | 0.2234 | 0.1675 | 0.1675 | 0.2351 | 0.1675 | 0.1675
CPU Time 3 10 12 13 12 15 19 41 48 53
Node 68 61 57 57 61 57 57 63 57 57
1 @8, 4) Ratio 0.2988 | 0.2765 | 0.2389 | 0.2389 | 0.2765 | 0.2389 | 0.2389 | 0.2591 | 0.2389 | 0.2389
’ Risk 0.3512 | 0.3426 | 0.2954 | 0.2954 | 0.3426 | 0.2954 | 0.2954 | 0.3234 | 0.2954 | 0.2954
CPU Time 8 30 33 39 41 42 47 84 90 95
Node 89 83 77 71 80 77 71 80 71 71
12 @8, 5) Ratio 0.2213 ] 0.1984 | 0.1799 | 0.1799 | 0.1945 | 0.1799 | 0.1799 | 0.1945 | 0.1799 | 0.1799
’ Risk 0.3154 | 0.2957 | 0.2684 | 0.2684 | 0.3056 | 0.2684 | 0.2684 | 0.3056 | 0.2684 | 0.2684
CPU Time 10 35 38 42 45 50 55 110 119 132
Node 21 21 25 25 21 25 25 21 25 25
13 ©, 2) Ratio 0.1413 | 0.1413 | 0.1346 | 0.1346 | 0.1413 | 0.1346 | 0.1346 | 0.1413 | 0.1346 | 0.1346
’ Risk 0.0950 | 0.0950 | 0.0850 | 0.0850 | 0.0950 | 0.0850 | 0.0850 | 0.0950 | 0.0850 | 0.850
CPU Time 3 5 5 6 5 5 6 19 21 25
Node 101 95 87 87 90 87 87 90 87 87
14 ©, 3) Ratio 0.1667 | 0.1762 | 0.1416 | 0.1416 | 0.1695 | 0.1416 | 0.1416 | 0.1695 | 0.1416 | 0.1416
’ Risk 0.2203 | 0.2135 | 0.1897 | 0.2135 | 0.2004 | 0.1897 | 0.2135 | 0.2004 | 0.2135 | 0.2135
CPU Time 12 40 44 55 50 58 65 132 146 163
Node 125 106 95 95 106 95 95 104 87 87
15 ©, 4) Ratio 0.2351 ] 0.2159 | 0.1986 | 0.1986 | 0.2159 | 0.1986 | 0.1986 | 0.2131 | 0.1853 | 0.1853
’ Risk 0.2651 | 0.2461 | 0.2168 | 0.2168 | 0.2461 | 0.2168 | 0.2168 | 0.2418 | 0.1987 | 0.1987
CPU Time 15 51 58 71 65 75 89 170 189 213
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i (variable, Ivsi C4 k=2(2-2) k=3(3-3) k=m(m-1)
ist category) anatysts 2 0.50 g 20 0.50 ag 20 0.50 a 20
Node 187 169 154 154 171 154 154 162 143 143
16 ©, 5) Re}tio 0.2580 | 0.2234 | 0.2037 | 0.2037 | 0.2198 | 0.2037 | 0.2037 | 0.2085 | 0.1862 | 0.1862
’ Risk 0.3261 | 0.3008 | 0.2891 | 0.2891 | 0.3084 | 0.2891 | 0.2891 | 0.2856 | 0.2357 | 0.2357
CPU Time 21 73 89 101 89 108 134 239 267 346
Node 72 72 61 55 72 55 55 63 53 53
17 (10, 2) thio 0.1309 ] 0.1309 | 0.1132 | 0.0965 | 0.1309 | 0.0965 | 0.0965 | 0.1024 | 0.0891 | 0.0891
’ Risk 0.1754 ] 0.1754 | 0.1498 | 0.1561 | 0.1754 | 0.1561 | 0.1561 | 0.1481 | 0.1384 | 0.1384
CPU Time 6 31 42 58 39 55 61 89 100 151
Node 145 131 116 116 133 116 116 128 109 109
18 (10, 3) Rgtio 0.1987 | 0.1884 | 0.1690 | 0.1690 | 0.1813 | 0.1690 | 0.1690 | 0.1810 | 0.1408 | 0.1408
’ Risk 0.2860 | 0.2710 | 0.2449 | 0.2449 | 0.2765 | 0.2449 | 0.2449 | 0.2214 | 0.2381 | 0.2381
CPU Time 15 52 61 72 69 89 99 168 208 287
Node 224 201 201 201 193 193 193 193 178 178
19 (10, 4) Ré}tio 0.2197 ] 0.2036 | 0.2036 | 0.2036 | 0.1984 | 0.1984 | 0.1984 | 0.1984 | 0.1761 | 0.1761
’ Risk 0.3687 | 0.3587 | 0.3587 | 0.3587 | 0.3516 | 0.3516 | 0.3516 | 0.3516 | 0.3205 | 0.3205
CPU Time 34 98 120 145 132 157 189 342 403 541
Node 354 326 306 306 317 301 301 291 278 278
20 (10, 5) Ra}tio 0.3160 | 0.3021 | 0.2491 | 0.2491 | 0.2987 | 0.2441 | 0.2441 | 0.2361 | 0.2184 | 0.2184
’ Risk 0.2784 | 0.2813 | 0.2641 | 0.2641 | 0.2680 | 0.2591 | 0.2591 | 0.2443 | 0.2394 | 0.2394
CPU Time 46 131 152 186 161 184 221 457 599 876
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Table 7. The Merits and demerits of the proposed algorithm

373¥

algorithm strength weakness remark
¢ consideration of variable interaction * computational burden .
k-1 L . . .. . * perfect decision tree
* maximize information quality * less efficient for large size
ok * consideration of variable interaction * less efficient for variable * grouping strategy
* efficient computation interaction » Step by Step

new algorithm |e

robustness
consideration of variable interaction
efficient computation

algorithm performance depends on|
the choice of €
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