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Iris setosa Iris versicolor Iris virginica
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Meas (measurements) Species
(features) (Class)

SL (Sepal SW (Sepal PL (Petal PW (Petal Type
Length)em Width)em  Length)em Width)em

4, ) Y,o ),¥ Y setosa
¥,9q v ), ¥ Y setosa
¥,V Y,Y ),Y Y setosa
¥,7 Y,) ),o0 Y setosa
Y v, Y ¥,V ¥, ¥ versicolor
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FITCTREE e g

>>fitctree
Fit a classification decision tree.

tree = fitctree(X,Y)

returns a classification tree based on the input variables (also
known as predictors, features, or attributes) X and output
(response or labels) Y. The returned tree Is a binary tree, where

each branching node is split based on the values of a column of
X.

Foundations of Data Mining



e

load fisheriris
t = fitctree(meas,species,'PredictorNames',{'SL"' 'SW' 'PL' 'PW'});

view(t)
view(t,'mode','graph");
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>>VIEW(T)

Decision tree for classification

If PL<2.45 then node 2 elseif PL>=2.45 then node 3 else setosa

class = setosa

If PW<1.75 then node 4 elseif PW>=1.75 then node 5 else versicolor
If PL<4.95 then node 6 elseif PL>=4.95 then node 7 else versicolor
class = virginica

If PW<1.65 then node 8 elseif PW>=1.65 then node 9 else versicolor
class = virginica
class = versicolor
class = virginica
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>>VIEW(T,'MODE','GRAPH);




Iris Data (red=setosa,green=versicolor,blue=virginica)
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SCATTER PLO

figure; hold on;

plot(meas(1:50,3),  meas(1:50,4),  '+r’);
plot(meas(51:100,3), meas(51:100,4), '+g");
plot(meas(101:150,3), meas(101:150,4), +b");
xlabel('PL")

ylabel('PW')

title('Scatter plot of IRIS')
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Scatter plot of IRIS
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Scatter plot of IRIS
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