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Prediction = Classification
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Predictive Analytics

e A new fancy name of “Supervised” data mining, or
Regression and Classification

e “Find a mapping/function f such that y = f(x) given
data set D = {(x,y)}"

e Regression wheny is continuous
e Classification when vy is categorical/binary




Predictive Analytics

e Regression
e Multiple Linear Regression
e k-NN
e Decision Tree Regression
e Neural Networks

e Classification
e Logistic Linear Regression, Discriminant Analysis
e k-NN, Naive Bayese
e Decision Tree Classifier
e Neural Networks
e SVM
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Trees and Rules

Goal: Classify or predict an outcome based on a set of
predictors

The output is a set of rules
Example:

e Goal: classify a record as “will accept credit card
offer” or “will not accept”

e Rule might be “IF (Income > 92.5) AND (Education
< 1.5) AND (Family <= 2.5) THEN Class = 0O
(nonacceptor)

e Also called CART, Decision Trees, or just Trees
e Rules are represented by tree diagrams
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Income Lot Size  Ownership
60.0 18.4 owner
85.5 16.8 owner
64.8 21.6 owner
61.5 20.8 owner
87.0 23.6 owner

110.1 19.2 owner
108.0 17.6 owner
82.8 22.4 owner
69.0 20.0 owner
93.0 20.8 owner
51.0 22.0 owner
81.0 20.0 owner
75.0 19.6 non-owner
52.8 20.8 non-owner
64.8 17.2 non-owner
43.2 20.4 non-owner
84.0 17.6 non-owner
49.2 17.6 non-owner
59.4 16.0 non-owner
66.0 18.4 non-owner
47.4 16.4 non-owner
33.0 18.8 non-owner
51.0 14.0 non-owner
63.0 14.8 non-owner
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8., If lot size < 19, and if income > 84.75, then class = “owner”
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# Decision % Error, % Error
Nodes Training Validation
41 0 2133333
40 0.04 27
39 0.08 22
38 012 2.2
af 0.16 2.066667
36 0.2 2.066667
2R no I NERRRT
13 1.16 1.6
12 1.2 1.6
11 1.2 1.466667 | <-- Min. Err. Tree
10 1.6 1.666667
9 2.2 1.666667
8 2.2 1.866667
7 2.24 1.866667
6 2.24 1.6] <-- Best Pruned Tree
5 4.44 1.8
4 5.08 2333333
3 5.24 3.466667
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