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® relevant features

® Amount of uncertainty
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11 multivalue

12 binary

%2 unconditional entropy
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Algorithm:

The IDGNE algorithm update procedure for effective Dimensionality Reduction

Input: Attribute Ai. Aj and depth parameter [0, 1... (Leaf-1)}.

Output: A decision tree with optimal dimension

Method:

1. If depth D=0 then

Form separate decision tree for both % and aj, Compare the accuracy of decision
tree and assign appropriate attribute.

2. Else //i.e. the depth between D=1 to D=leaf-1
Traverse to the parent of this node and check for occurrence
« If(A; occurred)
Then A;
» Elseif (4 occurred)
Then Aj

+ Else

Both A; and A; has occurred or not occurred

Choose the attribute with highest information gain among Aj, A;

from the parent of this node.

dolin else Sle il cwlaiy) ;00,5 a5 08 o o) 2 1) Bes) bbb 0gd o onalin VS0 a5 b les

Diagrammatic representation of solution to the problem

2C A3, A5 has Highest
Information gain.
But only one to be
J| chosen

| Aftributes are (Al, A2, A3, Ad, and AS5) |

\ | Checking the attribute with highest information gain among A3 and A5 |

b S | Checking the occurrence of A3 or A5 if any one assign the attribute |
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1} if autribute-list is empty then
2} if training data rules is null
3) return N as a leaf node labeled with the most common class in samples [/ Majonity
voting
& This rule traversal from the root to the leaf is alpha rule.
. If (record satisfy alpha rule)
Correctly classificd as (as normal DECISION TREE INDUCTION).
. Else
Incomrectly classified (as normal DECISION TREE INDUCTION).
4) else

5) return N as a leaf node labeled with the attribute corresponding to class label
value from probability based algorithm (Naive Bayesian algorithm)

#  This rule traversal from the root to the leaf s beta ruleV An unigue rule
. If {record satisfy beta rule)
Correctly classified.( This type of records cannot be handled by
DECISION TREE INDUCTION algorithm)
. Else

Incomecty classified.
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Algorithm:
ID6NB. Generate a decision tree from the given training data.
Input: The training samples, samples, represented by discrete-valued attributes; the
set of candidate attributes, attribute-list.
Output: A decision tree and set of rules.

Method:

1) Create a node N

2) if samples are all of the same class, C then

3) return N as a leaf node labeled with the class C:

4) if attribute-list is empty then

5) if training data rules is null

6) return N as a leaf node labeled with the most common class in samples //
Majority voting

7) else

8) return N as a leaf node labeled with the attribute corresponding to class
label value from probability based algorithm {Naive Bayesian algorithm)

9) select test-attribute, the attribute among attribute-list with the highest
information gain;

10} label node N with test-attribute;

11) for each known value a; of test-attribute //partition the samples

12) grow a branch from node N for the condition test-attribute= a; ;

13) let s; be the set of samples in samples for which test-attribute= a;2// a partition

14) if s;is empty then

15) attach a leaf labeled with the most common class in samples;

16) else attach the node returned by Generate_decision_tree (s ,attribute-list-test-
attribute);

ID6NB 651 -F Jsi
Alpha ¢ Beta :yilgd),f,F
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For age = ““<=30":s11 =3, s12=4then I (s11, s21)=0.

Forage=‘31...40”:s11 =4,s12=0then I (s12, s22) = 0.985.

For age = <>40”: s11 = 3, 512 = 2 then | (s13, s23) = 0.97
I(S1,52) = 1(10,6)=-10/1610g(10/16)-/16l0g(6/16)=0.954

All Electronics Customer Databse Orginal | ! osls acgoze Y Jui
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RID Age Income Student  Credit_rating  Class: Buys_computer
1 >40 Medium No Fair Yes
2 =40 Low Yes Fair Yes
3 >40 Low Yes Excellent No
4 =40 Medium  Yes Fair Yes
5 =40 Medium  No Excellent No
6 31...40 High No Fair Yes
7 31...40 Low Yes Excellent Yes
8 31...40 Medium No excellent Yes
9 31...40 High Yes Fair Yes

10 <=30 High No Excellent No
11 <=30 Medium No Fair No
12 <=30 Low No Fair No
13 <=30 Low Yes Fair Yes
14 <=30 Medium  Yes Excellent Yes
15 <=30 High No Fair Yes
16 <=30 High No Fair No

LS oo demlma | Sledlbol o0 1>

Gain(age)=I(s1s2)-E(age) =0.220.

Gain(income)=  ml 5 o0 (e ploul Slwlxe Jlg) cod o 35, Ko Sle o gl
ssalie 45 j5 b len ool o cwo 4 0.003,Gain(student)=0.138, Gain(Credit_rating)= 0.029

sle a3ls 55058 oo il AQER ol 4 0,5 S5 0gh oo Sl uy o 1) Sledbl 0 0 o yiis AQE g o
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Credit_rating

Income | Siudent| Credit_rating [ Class
Hich | No | Escellet | No Tahle B
Medum | No Fair Ho
Lowr No Far No
Low Yes Fair Yes Table C
Medum | Yes Excellent | Yes
High Neo Fair Yes
High No Far No
Yes Na
Trcome. | Credit_ating | Class e e e
Low Far Yes T
Medium Fax Ho Table E
Medmum | Excellert | Ves Low Tar Yo
[High | Far [ Ve
Table D High o Ne
Low Medium
e
[Credit_rating | Class -Iﬁ--iﬂ_
[ Fair [ Mo | Credit_rating | Class Table G
Excellert No
Tl Far Yes
Fair o
Table H
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Dataset  IDSR(%)  IDL(%)  IDSR-hat(%) IDIDT(¥)  IDENB (%)

Monk-1 817 97.2 903 757 97.2
Monk-2 618 66.2 65.7 66.7 74,53
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Dataset ID3 (%) 1D3, no windowing (%) ID5R (%) IDEMB (%)
Maonk-1 986 832 797 93.6
Monk-2 67.9 69.1 69.2 73.33
Monk-3 944 95.6 95.2 98.6

Slul aliy,o
el gy ol sl i 5l (B el eols dcgeome o 28l (lao,o el Lils aiS il )8 g Baw ol o talS
Iy bgoye yue Slao cpuemal S350 slapt ;650w p 0,5 1) Slas ples a5 BAYES (5 ool iy aids SIS
3045 sled el (Lol Blasl 5l san (oIS o sl ials s sl dlie opl jo a8 gl w6500 o [VV]aS o B>
Slao g ail 00,55 eoliiwl |, Glaw s asa ID3, IDENB, C4.5 slo 0,65l 5l plaS goud g o odolie ¥ Jgo
e a5 0ed o i ¥ g el oo plol F gty geals 0 Sliolej] il oo solizwl ;o IDBNB (¢ s
Wy oo alaix>de a5 job len .l ID3, CA.D 5l 2S48 g5 BB ylime 4 ] (oo Cewd s o ,55U] o Lawgs
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Dataset Available input attributes Selected input attributes Dim. reduction (¥) Run time (s)
D3 45 IDENB D3 45 1D6NE| D3 45 IDENB

All Electronics original 4 4 4 4 0 0 0 001 005 0.1
All Electronics extended 4 4 4 3 0 0 25 001 005 0.1
Breast 9 4 7 4 56 n 56 006 005 012
Chess 36 19 2 8 47 39 7 055 033 08
Credit 1 4 9 4 n 36 n 033 011 03
Diabetes 8 4 6 4 50 25 50 061 011 035
Glass 9 1 9 4 22 0 55 027 011 03
Heart 3 5 10 4 62 pi 69 o1 005 016
Iris 4 2 2 1 50 50 7 005 000 01
Liver 6 4 6 3 33 0 50 006 006 012
Lung cancer 57 1 5 2 98 91 96 005 000 01
Wine ] 3 3 2 77 iy 84 016 006 018
Mean 475 5.08 15 358 4717 3025 59 019 008 023

Dimensionality Reduction by ID6NB vs Decision Tree Induction
100

: N
3 P A T

N
/// . WY \\1// o

| Y
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Different Domains
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Percentage of Attributes Reduced
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S w0 axg LID3 el as g b o (69,9 olows s a5 b a8 cowl aid; o 5l ooy oo o Sy (oS
bl Jae S azg Landlcwl s do gy ks & S (5508 litel Slas (589,90 yiudon 5 280 (1 S0Ls
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Dataset D3 45 IDENB  IDENB-Min  IDENB-Max
All Electronics original 93.75 a5 98 972 989
All Electronics extended 90,625 935 9375 925 94.75
Breast 93.6 944 936 926 94.6
Chess 99.1 992 991 981 99.5
Credit 83.1 859 841 831 85.1
Diabetes 733 735 733 723 743
Glass 63.8 679 646 63.1 65.2
Heart 743 775 757 747 76.6
Iris 94.9 926 956 945 96.6
Liver 63.5 659 631 62.1 64
Lung cancer 334 409 355 345 36.8
Wine 91.3 924 913 9203 925
Mean 79.55 8155 B063 7958 81.57

Evaluation on Predictive Accuracy
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Dataset ID6NB(%)
Monk-1 98.39
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Monk-2 97.22
Monk-3 74.58

> ools AS g0 Jf Sy » 8o = e (_gl).g ID6NB p.:.s”ill ‘_g)’Luo.bL_e.% )l ol Cewdo cul...s v Jsu\’

Dataset ID6NB(%0) | ID6NB-Min ID6NB-

Max
Chess 100 100 100
Glass 92.99 91.99 93.99
Heart 75.97 74.95 76.99
Iris 96.11 95.11 97.11
Liver 75.17 74.21 76.13
Lung Cancer 35.12 34.12 36.12
Wine 94.18 93.21 95.15

4 N

Evaluation On Predective Accuracy
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