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UNIT:-5 Classification and Clustering Distance Measures 

INTRODUCTION 

 

Have you come across a situation when a Chief Marketing Officer of a company tells you – “Help 
me understand our customers better so that we can market our products to them in a better 
manner!” 

I did and the analyst in me was completely clueless what to do! I was used to getting specific 
problems, where there is an outcome to be predicted for various set of conditions. But I had no 
clue what to do in this case. If the person would have asked me to calculate Life Time Value (LTV) 
or propensity of Cross-sell, I wouldn’t have blinked. But this question looked very broad to me. 

This is usually the first reaction when you come across an unsupervised learning problem for the 
first time! You are not looking for specific insights for a phenomena, but what you are looking for 
are structures with in data with out them being tied down to a specific outcome. 

The method of identifying similar groups of data in a dataset is called clustering. It is one of the 
most popular techniques in data science. Entities in each group are comparatively more similar 
to entities of that group than those of the other groups. In this article, I will be taking you through 
the types of clustering, different clustering algorithms and a comparison between two of the 
most commonly used clustering methods. 

 

Overview 

Clustering is the task of dividing the population or data points into a number of groups such that 
data points in the same groups are more similar to other data points in the same group than 
those in other groups. In simple words, the aim is to segregate groups with similar traits and 
assign them into clusters. 
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Let’s understand this with an example. Suppose, you are the head of a rental store and wish to 
understand preferences of your costumers to scale up your business. Is it possible for you to look 
at details of each costumer and devise a unique business strategy for each one of them? 
Definitely not. But, what you can do is to cluster all of your costumers into say 10 groups based 
on their purchasing habits and use a separate strategy for costumers in each of these 10 groups. 
And this is what we call clustering. 

 

Types of Clustering 

Broadly speaking, clustering can be divided into two subgroups : 

 Hard Clustering: In hard clustering, each data point either belongs to a cluster completely 
or not. For example, in the above example each customer is put into one group out of the 
10 groups. 

 Soft Clustering: In soft clustering, instead of putting each data point into a separate 
cluster, a probability or likelihood of that data point to be in those clusters is assigned. 
For example, from the above scenario each costumer is assigned a probability to be in 
either of 10 clusters of the retail store. 

Types of clustering algorithms 

Since the task of clustering is subjective, the means that can be used for achieving this goal are 
plenty. Every methodology follows a different set of rules for defining the ‘similarity’ among data 
points. In fact, there are more than 100 clustering algorithms known. But few of the algorithms 
are used popularly, let’s look at them in detail: 

 Connectivity models: As the name suggests, these models are based on the notion that 
the data points closer in data space exhibit more similarity to each other than the data 
points lying farther away. These models can follow two approaches. In the first approach, 
they start with classifying all data points into separate clusters & then aggregating them 
as the distance decreases. In the second approach, all data points are classified as a single 
cluster and then partitioned as the distance increases. Also, the choice of distance 
function is subjective. These models are very easy to interpret but lacks scalability for 
handling big datasets. Examples of these models are hierarchical clustering algorithm and 
its variants. 

 Centroid models: These are iterative clustering algorithms in which the notion of 
similarity is derived by the closeness of a data point to the centroid of the clusters. K-
Means clustering algorithm is a popular algorithm that falls into this category. In these 
models, the no. of clusters required at the end have to be mentioned beforehand, which 
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makes it important to have prior knowledge of the dataset. These models run iteratively 
to find the local optima. 

 Distribution models: These clustering models are based on the notion of how probable is 
it that all data points in the cluster belong to the same distribution (For example: Normal, 
Gaussian). These models often suffer from overfitting. A popular example of these models 
is Expectation-maximization algorithm which uses multivariate normal distributions. 

 Density Models: These models search the data space for areas of varied density of data 
points in the data space. It isolates various different density regions and assign the data 
points within these regions in the same cluster. Popular examples of density models are 
DBSCAN and OPTICS. 

K Means Clustering 

K means is an iterative clustering algorithm that aims to find local maxima in each iteration. This 
algorithm works in these 5 steps : 

1. Specify the desired number of clusters K : Let us choose k=2 for these 5 data points in 2-
D space. 

 

2. Randomly assign each data point to a cluster : Let’s assign three points in cluster 1 shown 
using red color and two points in cluster 2 shown using grey color. 
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3. Compute cluster centroids : The centroid of data points in the red cluster is shown using 
red cross and those in grey cluster using grey cross. 

 

4. Re-assign each point to the closest cluster centroid : Note that only the data point at the 
bottom is assigned to the red cluster even though its closer to the centroid of grey cluster. 
Thus, we assign that data point into grey cluster 
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5. Re-compute cluster centroids : Now, re-computing the centroids for both the clusters. 

 

6. Repeat steps 4 and 5 until no improvements are possible : Similarly, we’ll repeat the 
4th and 5th steps until we’ll reach global optima. When there will be no further switching 
of data points between two clusters for two successive repeats. It will mark the 
termination of the algorithm if not explicitly mentioned. 
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Hierarchical Clustering 

Hierarchical clustering, as the name suggests is an algorithm that builds hierarchy of clusters. This 
algorithm starts with all the data points assigned to a cluster of their own. Then two nearest 
clusters are merged into the same cluster. In the end, this algorithm terminates when there is 
only a single cluster left. 

The results of hierarchical clustering can be shown using dendrogram. The dendrogram can be 
interpreted as: 

 

At the bottom, we start with 25 data points, each assigned to separate clusters. Two closest 
clusters are then merged till we have just one cluster at the top. The height in the dendrogram 
at which two clusters are merged represents the distance between two clusters in the data space. 

The decision of the no. of clusters that can best depict different groups can be chosen by 
observing the dendrogram. The best choice of the no. of clusters is the no. of vertical lines in the 
dendrogram cut by a horizontal line that can transverse the maximum distance vertically without 
intersecting a cluster. 

In the above example, the best choice of no. of clusters will be 4 as the red horizontal line in the 
dendrogram below covers maximum vertical distance AB. 
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Two important things that you should know about hierarchical clustering are: 

 This algorithm has been implemented above using bottom up approach. It is also possible 
to follow top-down approach starting with all data points assigned in the same cluster 
and recursively performing splits till each data point is assigned a separate cluster. 

 The decision of merging two clusters is taken on the basis of closeness of these clusters. 
There are multiple metrics for deciding the closeness of two clusters : 

o Euclidean distance: ||a-b||2 = √(Σ(ai-bi)) 
o Squared Euclidean distance: ||a-b||2

2 = Σ((ai-bi)2) 
o Manhattan distance: ||a-b||1 = Σ|ai-bi| 
o Maximum distance:||a-b||INFINITY = maxi|ai-bi| 
o Mahalanobis distance: √((a-b)T S-1 (-b))   {where, s : covariance matrix} 
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Difference between K Means and Hierarchical clustering 

 Hierarchical clustering can’t handle big data well but K Means clustering can. This is 
because the time complexity of K Means is linear i.e. O(n) while that of hierarchical 
clustering is quadratic i.e. O(n2). 

 In K Means clustering, since we start with random choice of clusters, the results produced 
by running the algorithm multiple times might differ. While results are reproducible in 
Hierarchical clustering. 

 K Means is found to work well when the shape of the clusters is hyper spherical (like circle 
in 2D, sphere in 3D). 

 K Means clustering requires prior knowledge of K i.e. no. of clusters you want to divide 
your data into. But, you can stop at whatever number of clusters you find appropriate in 
hierarchical clustering by interpreting the dendrogram 

 Applications of Clustering 

Clustering has a large no. of applications spread across various domains. Some of the most 
popular applications of clustering are: 

 Recommendation engines 
 Market segmentation 
 Social network analysis 
 Search result grouping 
 Medical imaging 
 Image segmentation 
 Anomaly detection 

 

Decision Tree 

 

INTRODUCTION 

 
 Decision tree is the most powerful and popular tool for classification and prediction. A Decision 
tree is a flowchart like tree structure, where each internal node denotes a test on an attribute, 
each branch represents an outcome of the test, and each leaf node (terminal node) holds a 
class label. 

A decision tree is a structure that includes a root node, branches, and leaf nodes. Each internal 

node denotes a test on an attribute, each branch denotes the outcome of a test, and each leaf 

node holds a class label. The topmost node in the tree is the root node. 
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The following decision tree is for the concept buy_computer that indicates whether a customer 

at a company is likely to buy a computer or not. Each internal node represents a test on an 

attribute. Each leaf node represents a class. 

 

 

 
 
Construction of Decision Tree : 
 
A tree can be “learned” by splitting the source set into subsets based on an attribute value test. 
This process is repeated on each derived subset in a recursive manner calledrecursive 
partitioning. The recursion is completed when the subset at a node all has the same value of 
the target variable, or when splitting no longer adds value to the predictions. The construction 
of decision tree classifier does not require any domain knowledge or parameter setting, and 
therefore is appropriate for exploratory knowledge discovery. Decision trees can handle high 
dimensional data. In general decision tree classifier has good accuracy. Decision tree induction 
is a typical inductive approach to learn knowledge on classification. 
 
Decision Tree Representation : 
 
Decision trees classify instances by sorting them down the tree from the root to some leaf 
node, which provides the classification of the instance. An instance is classified by starting at 
the root node of the tree,testing the attribute specified by this node,then moving down the 
tree branch corresponding to the value of the attribute as shown in the above figure.This 
process is then repeated for the subtree rooted at the new node. 
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The decision tree in above figure classifies a particular morning according to whether it is 
suitable for playing tennis and returning the classification associated with the particular leaf.(in 
this case Yes or No). 
For example,the instance 

(Outlook = Rain, Temperature = Hot, Humidity = High, Wind = Strong ) 

would be sorted down the leftmost branch of this decision tree and would therefore be 
classified as a negative instance. 

In other words we can say that decision tree represent a disjunction of conjunctions of 
constraints on the attribute values of instances. 

(Outlook = Sunny ^ Humidity = Normal) v (Outllok = Overcast) v (Outlook = Rain ^ Wind = Weak) 

Strengths and Weakness of Decision Tree approach 
The strengths of decision tree methods are: 
 Decision trees are able to generate understandable rules. 
 Decision trees perform classification without requiring much computation. 
 Decision trees are able to handle both continuous and categorical variables. 
 Decision trees provide a clear indication of which fields are most important for prediction 

or classification. 
The weaknesses of decision tree methods : 

 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. 

 Decision tree can be computationally expensive to train. The process of growing a 
decision tree is computationally expensive. At each node, each candidate splitting field 
must be sorted before its best split can be found. In some algorithms, combinations of 
fields are used and a search must be made for optimal combining weights. Pruning 
algorithms can also be expensive since many candidate sub-trees must be formed and 
compared. 

  

Bayesian Classification 

Bayesian classification is based on Bayes' Theorem. Bayesian classifiers are the statistical 

classifiers. Bayesian classifiers can predict class membership probabilities such as the probability 

that a given tuple belongs to a particular class. 

Baye's Theorem 
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Bayes' Theorem is named after Thomas Bayes. There are two types of probabilities − 

 Posterior Probability [P(H/X)] 

 Prior Probability [P(H)] 

where X is data tuple and H is some hypothesis. 

According to Bayes' Theorem, 

P(H/X)= P(X/H)P(H) / P(X) 

Bayesian Belief Network 

Bayesian Belief Networks specify joint conditional probability distributions. They are also known 

as Belief Networks, Bayesian Networks, or Probabilistic Networks. 

 A Belief Network allows class conditional independencies to be defined between subsets 

of variables. 

 It provides a graphical model of causal relationship on which learning can be performed. 

 We can use a trained Bayesian Network for classification. 

There are two components that define a Bayesian Belief Network − 

 Directed acyclic graph 

 A set of conditional probability tables 

Directed Acyclic Graph 

 Each node in a directed acyclic graph represents a random variable. 

 These variable may be discrete or continuous valued. 

 These variables may correspond to the actual attribute given in the data. 

Directed Acyclic Graph Representation 

The following diagram shows a directed acyclic graph for six Boolean variables. 
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The arc in the diagram allows representation of causal knowledge. For example, lung cancer is 

influenced by a person's family history of lung cancer, as well as whether or not the person is a 

smoker. It is worth noting that the variable PositiveXray is independent of whether the patient 

has a family history of lung cancer or that the patient is a smoker, given that we know the patient 

has lung cancer. 

Conditional Probability Table 

The conditional probability table for the values of the variable LungCancer (LC) showing each 

possible combination of the values of its parent nodes, FamilyHistory (FH), and Smoker (S) is as 

follows − 

 

Association Rule Based 

IF-THEN Rules 

Rule-based classifier makes use of a set of IF-THEN rules for classification. We can express a rule 

in the following from − 

IF condition THEN conclusion 

Let us consider a rule R1, 

R1: IF age = youth AND student = yes  

   THEN buy_computer = yes 
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Points to remember − 

 The IF part of the rule is called rule antecedent or precondition. 

 The THEN part of the rule is called rule consequent. 

 The antecedent part the condition consist of one or more attribute tests and these tests 

are logically ANDed. 

 The consequent part consists of class prediction. 

Note − We can also write rule R1 as follows − 

R1: (age = youth) ^ (student = yes))(buys computer = yes) 

If the condition holds true for a given tuple, then the antecedent is satisfied. 

Rule Extraction 

Here we will learn how to build a rule-based classifier by extracting IF-THEN rules from a decision 

tree. 

Points to remember − 

To extract a rule from a decision tree − 

 One rule is created for each path from the root to the leaf node. 

 To form a rule antecedent, each splitting criterion is logically ANDed. 

 The leaf node holds the class prediction, forming the rule consequent. 

Rule Induction Using Sequential Covering Algorithm 

Sequential Covering Algorithm can be used to extract IF-THEN rules form the training data. We 

do not require to generate a decision tree first. In this algorithm, each rule for a given class 

covers many of the tuples of that class. 

Some of the sequential Covering Algorithms are AQ, CN2, and RIPPER. As per the general 

strategy the rules are learned one at a time. For each time rules are learned, a tuple covered by 

the rule is removed and the process continues for the rest of the tuples. This is because the path 

to each leaf in a decision tree corresponds to a rule. 

Note − The Decision tree induction can be considered as learning a set of rules simultaneously. 
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The Following is the sequential learning Algorithm where rules are learned for one class at a 

time. When learning a rule from a class Ci, we want the rule to cover all the tuples from class C 

only and no tuple form any other class. 

Algorithm: Sequential Covering 
 
Input:  
D, a data set class-labeled tuples, 
Att_vals, the set of all attributes and their possible values. 
 
Output:  A Set of IF-THEN rules. 
Method: 
Rule_set={ }; // initial set of rules learned is empty 
 
for each class c do 
    
   repeat 
      Rule = Learn_One_Rule(D, Att_valls, c); 
      remove tuples covered by Rule form D; 
   until termination condition; 
    
   Rule_set=Rule_set+Rule; // add a new rule to rule-set 
end for 
return Rule_Set; 

Rule Pruning 

The rule is pruned is due to the following reason − 

 The Assessment of quality is made on the original set of training data. The rule may 

perform well on training data but less well on subsequent data. That's why the rule 

pruning is required. 

 The rule is pruned by removing conjunct. The rule R is pruned, if pruned version of R has 

greater quality than what was assessed on an independent set of tuples. 

FOIL is one of the simple and effective method for rule pruning. For a given rule R, 

FOIL_Prune = pos - neg / pos + neg 

where pos and neg is the number of positive tuples covered by R, respectively. 

Note − This value will increase with the accuracy of R on the pruning set. Hence, if the 

FOIL_Prune value is higher for the pruned version of R, then we prune R. 
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Other Classification Methods 

Genetic Algorithms 

The idea of genetic algorithm is derived from natural evolution. In genetic algorithm, first of all, 

the initial population is created. This initial population consists of randomly generated rules. We 

can represent each rule by a string of bits. 

For example, in a given training set, the samples are described by two Boolean attributes such 

as A1 and A2. And this given training set contains two classes such as C1 and C2. 

We can encode the rule IF A1 AND NOT A2 THEN C2 into a bit string 100. In this bit 

representation, the two leftmost bits represent the attribute A1 and A2, respectively. 

Likewise, the rule IF NOT A1 AND NOT A2 THEN C1 can be encoded as 001. 

Note − If the attribute has K values where K>2, then we can use the K bits to encode the attribute 

values. The classes are also encoded in the same manner. 

Points to remember − 

 Based on the notion of the survival of the fittest, a new population is formed that consists 

of the fittest rules in the current population and offspring values of these rules as well. 

 The fitness of a rule is assessed by its classification accuracy on a set of training samples. 

 The genetic operators such as crossover and mutation are applied to create offspring. 

 In crossover, the substring from pair of rules are swapped to form a new pair of rules. 

 In mutation, randomly selected bits in a rule's string are inverted. 

Rough Set Approach 

We can use the rough set approach to discover structural relationship within imprecise and 

noisy data. 

Note − This approach can only be applied on discrete-valued attributes. Therefore, continuous-

valued attributes must be discretized before its use. 

The Rough Set Theory is based on the establishment of equivalence classes within the given 

training data. The tuples that forms the equivalence class are indiscernible. It means the samples 

are identical with respect to the attributes describing the data. 

There are some classes in the given real world data, which cannot be distinguished in terms of 

available attributes. We can use the rough sets to roughly define such classes. 
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For a given class C, the rough set definition is approximated by two sets as follows − 

 Lower Approximation of C − The lower approximation of C consists of all the data tuples, 

that based on the knowledge of the attribute, are certain to belong to class C. 

 Upper Approximation of C − The upper approximation of C consists of all the tuples, that 

based on the knowledge of attributes, cannot be described as not belonging to C. 

The following diagram shows the Upper and Lower Approximation of class C − 

 

Fuzzy Set Approaches 

Fuzzy Set Theory is also called Possibility Theory. This theory was proposed by Lotfi Zadeh in 

1965 as an alternative the two-value logic and probability theory. This theory allows us to work 

at a high level of abstraction. It also provides us the means for dealing with imprecise 

measurement of data. 

The fuzzy set theory also allows us to deal with vague or inexact facts. For example, being a 

member of a set of high incomes is in exact (e.g. if $50,000 is high then what about $49,000 and 

$48,000). Unlike the traditional CRISP set where the element either belong to S or its 

complement but in fuzzy set theory the element can belong to more than one fuzzy set. 

For example, the income value $49,000 belongs to both the medium and high fuzzy sets but to 

differing degrees. Fuzzy set notation for this income value is as follows − 

mmedium_income($49k)=0.15 and mhigh_income($49k)=0.96 

Downloaded from www.rgpvnotes.in

Page no: 16 Get real-time updates from RGPV

https://www.rgpvnotes.in
https://alerts.rgpvnotes.in/
https://www.rgpvnotes.in/


where ‘m’ is the membership function that operates on the fuzzy sets of medium_income and 

high_income respectively. This notation can be shown diagrammatically as follows − 

 

Classification & Prediction 
 

There are two forms of data analysis that can be used for extracting models describing important 

classes or to predict future data trends. These two forms are as follows − 

 Classification 

 Prediction 

Classification models predict categorical class labels; and prediction models predict continuous 

valued functions. For example, we can build a classification model to categorize bank loan 

applications as either safe or risky, or a prediction model to predict the expenditures in dollars 

of potential customers on computer equipment given their income and occupation. 

What is classification? 

Following are the examples of cases where the data analysis task is Classification − 

 A bank loan officer wants to analyze the data in order to know which customer (loan 

applicant) are risky or which are safe. 

 A marketing manager at a company needs to analyze a customer with a given profile, 

who will buy a new computer. 

In both of the above examples, a model or classifier is constructed to predict the categorical 

labels. These labels are risky or safe for loan application data and yes or no for marketing data. 
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What is prediction? 

Following are the examples of cases where the data analysis task is Prediction − 

Suppose the marketing manager needs to predict how much a given customer will spend during 

a sale at his company. In this example we are bothered to predict a numeric value. Therefore 

the data analysis task is an example of numeric prediction. In this case, a model or a predictor 

will be constructed that predicts a continuous-valued-function or ordered value. 

Note − Regression analysis is a statistical methodology that is most often used for numeric 

prediction. 

How Does Classification Works? 

With the help of the bank loan application that we have discussed above, let us understand the 

working of classification. The Data Classification process includes two steps − 

 Building the Classifier or Model 

 Using Classifier for Classification 

Building the Classifier or Model 

 This step is the learning step or the learning phase. 

 In this step the classification algorithms build the classifier. 

 The classifier is built from the training set made up of database tuples and their 

associated class labels. 

 Each tuple that constitutes the training set is referred to as a category or class. These 

tuples can also be referred to as sample, object or data points. 
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Using Classifier for Classification 

In this step, the classifier is used for classification. Here the test data is used to estimate the 

accuracy of classification rules. The classification rules can be applied to the new data tuples if 

the accuracy is considered acceptable. 
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Classification and Prediction Issues 

The major issue is preparing the data for Classification and Prediction. Preparing the data 

involves the following activities − 

 Data Cleaning − Data cleaning involves removing the noise and treatment of missing 

values. The noise is removed by applying smoothing techniques and the problem of 

missing values is solved by replacing a missing value with most commonly occurring 

value for that attribute. 

 Relevance Analysis − Database may also have the irrelevant attributes. Correlation 

analysis is used to know whether any two given attributes are related. 

 Data Transformation and reduction − The data can be transformed by any of the 

following methods. 

o Normalization − The data is transformed using normalization. Normalization 

involves scaling all values for given attribute in order to make them fall within a 

small specified range. Normalization is used when in the learning step, the neural 

networks or the methods involving measurements are used. 

o Generalization − The data can also be transformed by generalizing it to the higher 

concept. For this purpose we can use the concept hierarchies. 

Note − Data can also be reduced by some other methods such as wavelet transformation, 

binning, histogram analysis, and clustering. 

Comparison of Classification and Prediction Methods 

Here is the criteria for comparing the methods of Classification and Prediction − 

 Accuracy − Accuracy of classifier refers to the ability of classifier. It predict the class label 

correctly and the accuracy of the predictor refers to how well a given predictor can guess 

the value of predicted attribute for a new data. 

 Speed − This refers to the computational cost in generating and using the classifier or 

predictor. 

 Robustness − It refers to the ability of classifier or predictor to make correct predictions 

from given noisy data. 

 Scalability − Scalability refers to the ability to construct the classifier or predictor 

efficiently; given large amount of data. 
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 Interpretability − It refers to what extent the classifier or predictor understands. 
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