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The Dataset
An Imperfect Split The Dataset
E=—(0.5log, 0.5+ E, =—(llog,1)=0 E, =E, =—(llog,1)=0
0.5log, 0.5)=1 E. =—(1/6log,(1/6)+5/61log,(5/6)) = 0.65
E, ., =04%0+0.6%0.65=0.39 E,, =0.4%0+0.6*0=0Minimum
Lasl JS" 4 WIS ) Lasl Cos
Gain=1-0.39=0.61 Gain=1-0=1 Maximum

higher Information Gain = more Entropy removed
18
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An Imperfect Split The Dataset
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Higher Gini Gain = Better Split
19
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Gain(S, Humidity) =0.94—7/14%0.985—-7/14*0.592 =0.151
Gain(S, Wind) = 0.94—8/14%0.811—6/14*1 = 0.48
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# Import necessary libraries
from sklearn.datasets import Ic o
from sklearn.tree_import DecisionTreeClassifier
from sklearn.model selection import
from sklearn.metrics import
import matplotlib.pyplot as plt

# Load the Iris dataset
X

# Split the dataset into training and testing sets ;
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# Initialize and train the Decision Tree Classifier
DecisionTreeClassifier

# Predict on the test set
# Calculate accuracy

# Print the accuracy

f"Accuracy of the Decision Tree Classifier: { p.2f )"
# Plot the decision tree
plt
True
plt f"Decision Tree Visualization\nAccuracy: { D2}
plt
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Decision Tree Visualization
Accuracy: 1.00

petal length (cm) <= 2.45
gini = 0.664
samples = 105
value = [31, 37, 37]
class = versicolor

/N

petal length (cm) <= 4.75
gini = 0.5
samples = 74
value = [0, 37, 37]
class = versicolor

petal length (cm) <= 4.95
gini = 0.5
samples = 8
value = [0, 4, 4]
class = versicolor

AN

petal length (cm) <= 5.45
gini = 0.444
samples = 3

value = [0, 2, 1]
class = versicolor

/N
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Test Set (averaging)

v

Prediction
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# Initialize and train_the Random Forest Classifier
RandomForestClassifier
v7&¢ﬁglg;)>ahb6
# Predict on the test set
# Calculate accuracy
# Print the accuracy o
f"Accuracy of the Random Forest Classifier: { : . 2F )"

#1¥isualize one of the decision trees from the Random Forest
p
# Select the first decision tree in the
forest
True

f"Visualization of One Decision Tree in the Random

nA r
EOPeSt\ ceuracy: oft Computing 28
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Visualization of One Decision Tree in the Random Forest
Accuracy: 1.00

petal width (cm) <= 1.65 .. = . . =
gini = 0.624 : LS NS Jgd_,.
samples = 68 C S L.S'e .

value = [18, 39, 48]
class = virginica

y

petal width (cm) <= 0.8
gini = 0.518
samples = 42
value = [18, 38, 5]
class = versicolor

sepal length (cm) <= 6.05
gini = 0.5
samples = 2
value = [0, 1, 1]
class = versicolor

/ N\
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# Initialize the base estimator (weak learner) 1()adaboostpy:Jg9¢U

DecisionTreeClassifier

# Initialize and train the AdaBoost Classifier
AdaBoostClassifier

# Predict on the test set
# Calculate accuracy

# Print the accuracy

f"Accuracy of the AdaBoost Classifier: { : . 2F "
#1¥isualize the first weak learner (decision tree)
Y
# Select the first weak learner
True
plt f"Visualization of the First Weak Learner in
AdaBoost\nAccuracy: { :.2F "

plt Soft Computing 30



Adaboost - x> 5,55
G535 Sl = s o) — e 50k

Visualization of the First Weak Learner in AdaBoost
Accuracy: 1.00

petal width (cm) <= 0.8
gini = 0.664
samples = 105

value = [0.295, 0.352, 0.352]
class = versicolor

Truy X&\]Ise

gini = 0.5
samples = 74
value = [0.0, 0.352, 0.352]
class = versicolor
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# Import necessary libraries IOIEL(XanaHSOH{B/kkBVU

from sklearn.datasets import Ic o

from sklearn.tree import DecisionTreeClassifier
from sklearn.ensemble import RandomForestClassifier
AdaBoostClassifier, GradientBoostingClassifier
StackingClassifier . .

from sklearn.model selection import cros .
from sklearn.linear _model import LogisticRegression
from xgboost import XGBClassifier

# Load the Iris dataset
X
# Define base classifiers for stacking

‘decision tree’, DecisionTreeClassifier 42
'random_zgrest' RandomForestClassifier 100
‘adaboost’, AdaBoostClassifier 50
Le=42 : 'SAMME '
.'gradlent_boostlnﬁf
GradientBoostingClassifier( 100 42
'xgboost', XGBClassifier ‘'mlogloss™
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# Define the meta-model for stacking
LogisticRegression 42

# Create the stacking classifier
StackingClassifier

# Define all classifiers

"Decision Tree': DecisionTreeClassifier 42

"Random Fzgest" RandngorestC1a551f1er 50

"AdaBoQEE&MEAdaBoostCIassifier 30 42

"Gradient4goosting" GradientBoostingClassifier 50

"XGBoost": XGBClassifier 50 'mlogloss’
1), # Removed use_label encoder o

"Stacking" # Add stacking classifier

# Evaluate each classifier usinﬁ cross-validation and measure time
"Performance_of Ensemble Methods:"
for in cl
time

Reduced to 3-fold C¥_
ime .
_ { } Accuracy: {sS9teemputing, (y. of} + { . 38y,
Time: { :.2f} seconds”

) 3 ‘accuracy’ #



. - ~
b)) dmslan — re (5,550,
G5 S —led s amlin — rax S 5L

Performance of Ensemble Methods:
Decision Tree Accuracy: 0.96 * 0.02, Time: 0.00 seconds
Random Forest Accuracy: 0.97 + 0.02, Time: 0.28 seconds

AdaBoost Accuracy: 0.95 * 0.02, Time: 0.12 seconds

Gradient Boosting Accuracy: .97 + 0.02, Time: 0.35 seconds
XGBoost Accuracy: 0.95 + 0.02, Time: 0.10 seconds

Stacking Accuracy: 0.96 + 0.02, Time: 4.52 seconds
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Aggregates the
Aporoach Parallel training of  Sequential training of predictions of
HLE weak models weak models multiple models into

a meta-model

Base Models Homogenous Homogenous Can be heterogenous
. Random samplin Subsets are not Subsets are not
Subset Selection . ping : .
with replacement required required
. . Reduce variance and
Goal Reduce variance Reduce bias bias

Majority voting or Weighted
Model Combination Jorty & majority voting or  Using an ML model
averaging :
averaging
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