
MACHINE LEARNING�
UNIT II




DECISION TREES




INTRODUCTION

•
•
•

•

•
•

Decision Trees is one of the Supervised Learning Technique.

It can be used for both Classification and Regression problems

Tree structure where internal nodes represent features of a dataset,
branches represent decision rules, and each leaf node represents the
outcome.

In a decision tree, there are two nodes, which are the decision node and leaf
node.

Decision nodes are used to make any decisions and have multiple branches.

Leaf nodes are the output of those decisions and do not contain any further
branches.
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General Structure of Decision Tree






TYPES OF DECISION TREES


•

•

Binary Trees : Only two choices in each split. Can be non-
uniform (uneven) in depth.

N-way Trees or ternary trees : Three or more choices in
at least one of its splits (3-way or 4-way).




APPROPRIATE PROBLEMS FOR
DECISION LEARNING


•
•
•
•
•

Instances are represented by attribute-value pairs.

The target function has discrete output values.

Disjunctive descriptions may be required.

The training data may contain errors.

The training data may contain missing attribute values.







ATTRIBUTE SELECTION
MEASURE


•

•
•

Which attribute to be chosen at the root node of a decision
tree ?

This process is known as attribute selection measure.
These measures are also used to split the root or child
nodes. There are two such popular attribute selection
measures :

Information Gain


Gini Index
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INFORMATION GAIN�

•

•
•
•

•

Information Gain is the measurement of changes in entropy after
segmentation of a dataset based on an attribute.

It calculates how much information a feature provides us about a class.

According to the value of information gain, we split the node and build
the decision tree.

A decision tree algorithm always tries to maximize the value of
information gain, and a node/attribute having the highest information
gain is split first. It can be calculated using the below formula :

Information Gain = Entropy(S) – [(Weighted Average) * Entropy(each
feature)]




ENTROPY

•

•
•

Entropy is a metric  to measure the impurity in a given
attribute. It specifies randomness in data. Entropy can be
calculated as:

Entropy(S)= -P(yes)log2 P(yes)- P(no) log2 P(no)

Where S = Total number of samples, P(yes) = probability of
yes and P(no) = probability of no
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CONCEPT OF ENTROPY




CONCEPT OF ENTROPY
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More organized or                              Less
organized or 

ordered (less probable)         disordered (more
probable)


More ordered                   Less
ordered

less entropy                      higher
entropy




CONCEPT OF ENTROPY
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Universe!

What was its entropy value at its starting point?




AN OPEN CHALLENGE!
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Two sheets showing the tabulation of marks obtained in a
course  are shown. 

 

Which tabulation of marks shows the “good” performance of
the class?

How you can measure the same?


Roll No.
 Assignment
 Project
 Mid-Sem
 End-Sem

12BT3FP06
 89
 99
 56
 91

10IM30013
 95
 98
 55
 93

12CE31005
 98
 96
 58
 97

12EC35015
 93
 95
 54
 99

12GG2005
 90
 91
 53
 98

12MI33006
 91
 93
 57
 97

13AG36001
 96
 94
 58
 95

13EE10009
 92
 96
 56
 96

13MA20012
 88
 98
 59
 96

14CS30017
 94
 90
 60
 94

14ME10067
 90
 92
 58
 95

14MT10038
 99
 89
 55
 93


Roll No.
 Assignment
 Project
 Mid-Sem
 End-Sem

12BT3FP06
 19
 59
 16
 71

10IM30013
 37
 38
 25
 83

12CE31005
 38
 16
 48
 97

12EC35015
 23
 95
 54
 19

12GG2005
 40
 71
 43
 28

12MI33006
 61
 93
 47
 97

13AG36001
 26
 64
 48
 75

13EE10009
 92
 46
 56
 56

13MA20012
 88
 58
 59
 66

14CS30017
 74
 20
 60
 44

14ME10067
 50
 42
 38
 35

14MT10038
 29
 69
 25
 33




GINI INDEX


•

•

•

•

Gini Index is a measure of impurity or purity used while creating a
decision tree in the CART(Classification and Regression Tree) algorithm.


An attribute with the low Gini index should be preferred as compared to
the high Gini index.


It only creates binary splits, and the CART algorithm uses the Gini index
to create binary splits.


Gini index can be calculated using the below formula:


    Gini Index= 1- ∑jPj
2 




•

What is the Gini index?


The Gini index is a measure of impurity in a set of data. It is calculated by summing the squared
probabilities of each class. A lower Gini index indicates a more pure set of data.


•
What is information gain?


Information gain is a measure of how much information is gained by splitting a set of data
on a particular feature. It is calculated by comparing the entropy of the original set of
data to the entropy of the two child sets. A higher information gain indicates that the
feature is more effective at splitting the data.


What is impurity?

Impurity is a measure of how mixed up the classes are in a set of data. A more impure set of
data will have a higher Gini index.


How are Gini index and information gain related?

Gini index and information gain are both measures of impurity, but they are calculated
differently. Gini index is calculated by summing the squared probabilities of each class, while
information gain is calculated by comparing the entropy of the original set of data to the
entropy of the two child sets.




When should you use Gini index and when should you use information gain?

Gini index and information gain can be used interchangeably, but there are some cases where one
may be preferred over the other. Gini index is typically preferred when the classes are balanced,
while information gain is typically preferred when the classes are imbalanced.


How do you calculate the Gini index for a decision tree?

The Gini index for a decision tree is calculated by summing the Gini indices of the child nodes. The
Gini index of a child node is calculated by summing the squared probabilities of each class in the
child node.


How do you calculate the information gain for a decision tree?

The information gain for a decision tree is calculated by comparing the entropy of the original set
of data to the entropy of the two child sets. The entropy of a set of data is calculated by summing
the probabilities of each class in the set multiplied by the log of the probability of each class.




ADVANTAGES AND LIMITATIONS OF INFORMATION GAIN AND GINI
INDEX


•
•
•

The advantages of Gini index include:

It is simple to calculate.

It is interpretable.

It is robust to overfitting.


•

•

The advantages of information gain
include:

It is more effective than Gini index
when the classes are imbalanced.

It is less sensitive to noise.


•

•

The disadvantages of Gini index
include:

It is not as effective as information
gain when the classes are imbalanced.

It can be sensitive to noise.


•
•

The disadvantages of information
gain include:

It is more complex to calculate.

It is less interpretable.







DECISION TREE ALGORITHMS


The most notable and used decision tree algorithms are : 


1. Iterative Dichotomiser 3 (ID3) 


2. C4.5


3. Classification and Regression Tree(CART)




THE DECISION TREE ALGORITHM 


1.

2.

3.

4.
5.

Begin the tree with the root node, says S, which contains the
complete dataset.

Find the best attribute in the dataset using Attribute Selection
Measure (ASM).

Divide the S into subsets that contains possible values for the best
attributes.

Generate the decision tree node, which contains the best attribute.

 Recursively make new decision trees using the subsets of the
dataset created in step -3. Continue this process until a stage is
reached where you cannot further classify the nodes and called the
final node as a leaf node.




EXAMPLE :


•

•

The data has 6 attributes.


Based on the given data, we want to
find a set of rules to know what
values of Weather, Temperature,
Humidity and Wind determine whether
or not to play outside. 










• As shown in the given diagram, the
tree will first ask what is the weather ?
Then it moves on to the next feature
which is wind and humidity. 




TREE VALIDATION


• Confusion Matrix







•

•

•

Sometimes the cost of misclassification is not equal for both good and bad.


We use a cost matrix along with confusion matrix.


C(i | j) : Cost of misclassifying class j example as class i. 







DECISION TREE PRUNING 


•

•

•

•

•

Pruning is a process of deleting the unnecessary nodes from a tree in
order to get the optimal decision tree.


A too-large tree increases the risk of overfitting, and a small tree may
not capture all the important features of the dataset.


Therefore, a technique that decreases the size of the learning tree
without reducing accuracy is known as Pruning. There are mainly two
types of tree pruning : 


Pre-Pruning


Post-Pruning




ADVANTAGES  OF DECISION TREES


•

•

•

Decision Tree able to generate understandable rules


They are able to handle both numerical and categorical attributes.


They provide clear indication of which fields are most important for
prediction or classification. 
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DISADVANTAGES OF DECISION TREES


•

•

•

The process of growing a decision tree is computationally expensive. At
each node, each candidate splitting field is examined before its best split
can be found.


Decision trees are less appropriate for estimation tasks where the goal
is to predict the value of a continuous attribute.


Decision trees are prone to errors in classification problems with
many class and relatively small number of training examples. 
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SUPPORT VECTOR MACHINES (SVM)
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SVM—SUPPORT VECTOR MACHINES

•

•

•

•

•

A relatively new classification method for both linear
and nonlinear data

It uses a nonlinear mapping to transform the original
training data into a higher dimension

With the new dimension, it searches for the linear
optimal separating hyperplane (i.e., “decision boundary
”)

With an appropriate nonlinear mapping to a
sufficiently high dimension, data from two classes can
always be separated by a hyperplane

SVM finds this hyperplane using support vectors
(“essential” training tuples) and margins (defined by
the support vectors)




SVM

•

•
•

•

“Support Vector Machine” (SVM) is a supervised machine
learning algorithm which can be used for both classification
or regression challenges. 

it is mostly used in classification problems.

In the SVM algorithm, we plot each data item as a point in n-
dimensional space (where n is number of features you have)
with the value of each feature being the value of a particular
coordinate.

Then, we perform classification by finding the hyper-plane
that differentiates the two classes very well (look at the
below snapshot).




KERNEL TRICK

•

•

The SVM kernel is a function that takes low
dimensional input space and transforms it to a higher
dimensional space i.e. it converts not separable
problem to separable problem.

it does some extremely complex data transformations,
then finds out the process to separate the data based
on the labels or outputs you’ve defined.




DIFFERENT KERNEL FUNCTIONS








THE CONFUSION ABOUT
CONFUSION MATRIX?


•“A Confusion matrix is an N x N matrix used for
evaluating the performance of a classification
model, where N is the number of target classes.
The matrix compares the actual target values
with those predicted by the machine learning
model. This gives us a holistic view of how well
our classification model is performing and what
kinds of errors it is making.”
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CONFUSION MATRIX-EXAMPLE


Actual
class\Predicted class


C1
 ¬ C1


C1
 True Positives
(TP)


False Negatives
(FN)


¬ C1
 False Positives
(FP)


True Negatives
(TN)
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CLASSIFICATION RATE/ACCURACY�



▪

▪

▪

Accuracy or classification accuracy tells the number of
correct predictions made by the model.

It is the ratio of the number of correct predictions to the
total number of input samples.

However, there are problems with accuracy. It assumes
equal costs for both kinds of errors. A 99% accuracy can
be excellent, good, mediocre, poor, or terrible depending
upon the problem.
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MISCLASSIFICATION RATE
(ERROR)�


▪

▪

Accuracy or classification accuracy tells the number of
wrong predictions made by the model.

It is the ratio of the number of wrong predictions to the
total number of input samples.
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PRECISION / POSITIVE PREDICTIVE VALUE (PPV)�



▪
▪

▪

When it predicts yes, how often is it correct?

Precision is defined as the number of true positives
divided by the number of true positives plus the number
of false positives. Precision is about being precise.

Out of all the predictive positive classes, how much we
predicted correctly
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SENSITIVITY / RECALL / TRUE POSITIVE
RATE��



▪
▪

▪

▪

When it’s actually yes, how often does it predict yes?

The recall is the fraction of positive events that were
predicted correctly.

‘When it is actually the positive result, how often does it
predict correctly?’

High Recall indicates the class is correctly recognized (a small
number of FN).
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F1 SCORE�



▪
▪

▪

▪

▪

▪

 The F1 score is the harmonic mean of the precision and recall, where


F1 score reaches its best value at 1 (perfect precision and recall)


F1 score reaches its worst value at 0


 A good F1 score means (Low FP & Low FN): Correctly identifying real threats,
and not disturbed by false alarms


 F1 is usually more useful than accuracy, especially for an uneven class
distribution


 Harmonic mean instead of arithmetic mean: HM punishes extreme values more
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ROC CHART ..RECEIVER OPERATING
CHARACTERISTIC


▪

▪

▪

▪

 The ROC chart: false positive rate (FPR) (1-specificity) on X-
axis, the probability of target=1 when its true value is 0


 Against the true positive rate(TPR)(sensitivity) on Y-axis,
the probability of target=1 when its true value is 1


 Ideally, the curve will climb quickly toward the top-left
meaning the model correctly predicted the cases.


 The diagonal red line is for a random model 
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AREA UNDER THE CURVE (AUC)

▪

▪

▪

 Area under ROC curve is often used as a
measure of quality of the classification models.


A random classifier has an area under the curve
of 0.5, while AUC for a perfect classifier is equal
to 1.


In practice, most of the classification models
have an AUC between 0.5 and 1
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ROC-AUC

▪

▪

▪

 An area under the ROC curve of 0.8, for example, means that a randomly
selected case from the group with the target equals 1 has a score larger than
that for a randomly chosen case from the group with the target equals 0 in
80% of the time.


 When a classifier cannot distinguish between the two groups, the area will be
equal to 0.5 (the ROC curve will coincide with the diagonal).


 When there is a perfect separation of the two groups, i.e., no overlapping of
the distributions, the area under the ROC curve reaches to 1 (the ROC curve
will reach the upper left corner of the plot).
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OVERFITTING

▪

▪

▪

▪

  Natural end of process in DT is 100%
purity in each leaf

  This overfits the data, which end up fitting
noise in the data

  Overfitting leads to low predictive
accuracy of new data

  Past a certain point, the error rate for the
validation data starts to increase
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OVERFITTING & UNDERFITTING


▪
▪

▪

▪

▪

 Training  a Model:

 Overfit: if the model is performing much better on train

set but not performing well on cross-validation set

 Overfit is called as “High Variance” problem




 Underfit: if the model is not performing well on train set

itself

 Underfit is considered as “High Bias” problem
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ENSEMBLING METHODS




BIAS VARIANCE




























IMBALANCED DATA






















KNN

K Nearest Neighbor Classification

















