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UNIT III  CLASSIFICATION AND PREDICTION TECHNIQUES   9 

Classification by Decision Tree – Bayesian Classification – Rule Based Classification – 

Bayesian Belief Networks – Classification by Backpropagation – Support Vector Machines – 

K-Nearest Neighbor Algorithm – Linear Regression, Nonlinear Regression 

 

UNIT-3                                                      PART -A                                                           2 Marks 

1. What is decision tree method? 

Soln:- 

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 leaf nodes represent classes 

or class distributions. The top most in a tree is the node. 

2. Listoutthemajorstrengthof decisiontree method. 

Soln:- 

 Constructionofdecisiontreeclassifiersdoesnotrequireanydomainknowledgeorparameters

ettingandthereforeisappropriate forexploratoryknowledgediscovery. 

 Handlehighdimensionaldata. 

 Simpleandfast. 

 Usedformanyapplicationssuchasmedicine, manufacturing,financialanalysis, astronomy, 

etc. Basisofseveral commercialroleinductionsystems. 

2. How doyouchoosebestsplitwhileconstructingadecisiontree. 

Soln:- 

Byusingattributeselectionmeasureswechoosebestsplitwhileconstructingadecision tree. 

Themeasuresare 

 Informationgain 

 Gainratio 

 Giniindex 

3. Whataretreepruningmethods? 

Soln:-Tree pruning use statistical measures to remove the least reliablebranches. Pruned 

trees tend to be smaller and less complex and easier 

tocomprehend.Thetreepruningmethods are 

 Prepruning 

 Postpruning 

 Pessimisticpruning 

4. What are the major  issues of Decision Trees?   

Soln:- 

• Working with continuous attributes (binning) 

• overfitting Avoiding 

• Super Attributes (attributes with many unique values) 

• Working with missing values 



5. What is a Decision Tree in Data Mining? 

Soln:- 

A decision tree is a way to build models in Data mining. It can be understood as an inverted 

binary tree. It includes a root node, some branches, and leaf nodes at the end. 

Each of the internal nodes in a Decision tree signifies a study on an attribute. Each of the 

divisions signifies the consequence of that particular study or examination. And finally, each 

leaf node represents a class tag. 

6. What are some of the important nodes used in Decision Trees? 

Decision Trees in Data mining have the ability to handle very complicated data. All the 

decision trees have three vital nodes or portions. Let’s discuss each one of them below.  

7. What are the advantages of using Decision Trees? 

Soln:- 

1. When we compare them with other methods, Decision trees do not require as much 

computation for the training of data during pre-processing. 

2. Stabilization of information is not involved in Decision trees. 

3. Also, they don’t even require scaling of information. 

4. Even if some values are omitted in the dataset, this does not interfere in the construction 

of trees. 

5. These models are identical instinctive. They are stress-free for description as well. 

8. DefineBayesianBeliefnetworks. 

Soln:- 

o It specifies joint conditional probability distributions they allow 

classconditionalindependenciestobedefinedbetweensubsetsofvariables. 

o Abelief networkis defined by2components: 

1. Directedacyclicgraph 

2. Setof conditional probabilitytables. 

9. Whatisasupportvectormachine? 

Soln:- 

Decision tree induction algorithms function recursively. First, an attribute mustbe selected 

as the root node. In order to create the most efficient (smallest) tree, theroot node must 

effectively split the data. Each split attempts to pare down a set ofinstances (the actual data) 

until they all have the same classification. The split is theonethat provides what 

istermedthemost information gain. 

 

 

 

 

 

 

 



UNIT-3                                       PART -B                                                          13 Marks 

 

1. Explain about Bayesian classification.      (13) 

Soln:- 

LetX beadatatuple.InBayesianterms,Xisconsidered―evidence.‖anditisdescribedby 

measurementsmadeon aset ofn attributes. 

1.Bayes Theorem:- 

LetHbesomehypothesis,such asthatthedatatupleXbelongstoa specifiedclassC. 

Forclassificationproblems,wewanttodetermineP(H|X),theprobabilitythatthehypothesisH 

holdsgiven the―evidence or observeddata tuple X. 

P(H|X)istheposteriorprobability,oraposterioriprobability,ofHconditionedonX. 

B a y e s ’  theoremisusefulinthatitprovidesawayofcalculatingtheposteriorprobability, 

P(H|X),fromP(H),P(X|H),andP(X). 

 

2. NaïveBayesianClassification with an example     (13) 

Soln:- 

Thenaïve Bayesianclassifier,orsimpleBayesian classifier,worksasfollows: 

1. Let D be a training set of tuples and their associated class labels. As usual, each tuple 

isrepresentedbyann-

dimensionalattributevector,X=(x1,x2,…,xn),depictingnmeasurementsmadeon thetuplefrom 

nattributes,respectively, A1, A2,…,An. 

2. Suppose that there are m classes, C1, C2, …, Cm. Given a tuple, X, the classifier 

willpredictthatXbelongstotheclasshavingthehighestposteriorprobability,conditionedonX. 

That is, the naïve Bayesian classifier predicts that tuple X belongs to the class Ci if and onlyif 

 

ThuswemaximizeP(CijX).TheclassCiforwhichP(CijX)ismaximizediscalledthemaximumposte

riori hypothesis. ByBayes’theorem 

3. AsP(X)isconstant forallclasses, onlyP(X|Ci)P(Ci)need bemaximized.Iftheclass 

priorprobabilitiesarenotknown,thenitiscommonlyassumedthattheclassesareequallylikely,th



at is,P(C1)=P(C2)=…=P(Cm),and wewouldthereforemaximizeP(X|Ci). 

Otherwise,wemaximizeP(X|Ci)P(Ci). 

4. Given data sets with many attributes, it would be extremely computationally 

expensivetocompute P(X|Ci). In order to reduce computation in evaluating P(X|Ci), the 

naive assumptionof class conditional independence is made. This presumes that the values 

of the 

attributesareconditionallyindependentofoneanother,giventheclasslabelofthetuple.Thus, 

 
 

WecaneasilyestimatetheprobabilitiesP(x1|Ci),P(x2|Ci),:::,P(xn|Ci)fromthetrainingtuples.For

eachattribute,welookatwhethertheattributeiscategoricalorcontinuous-valued.Forinstance, 

to computeP(X|Ci), weconsiderthefollowing: 

 IfAkiscategorical,thenP(xk|Ci)isthenumberoftuplesofclassCiinDhavingthevalue 

xkforAk, divided by|Ci,D| the number oftuples ofclassCiinD. 

 If Akis continuous-valued, thenweneedtodoabitmorework,but the calculationis 

prettystraightforward. 

Acontinuous-

valuedattributeistypicallyassumedtohaveaGaussiandistributionwithameanμand standard 

deviation, defined by 

 
5. Inordertopredicttheclasslabelof X,P(XjCi)P(Ci)isevaluatedforeachclass Ci.Theclassifier 

predicts thattheclass labelof tupleXis theclassCiif and onlyif 

 

 

3. Explain Rule-based Classification in detail      (13) 

Soln:- 

A rule-based classifier consists of a set of “IF-THEN” rules obtained by statistically 

apprehending the training data. Each rule of the classifier consists of an antecedent and a 

consequent. 

1. 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 

 

 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. 

2.Rule Extraction 

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

decision tree. 

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. 

 

3.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. 

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 

returnRule_Set; 

 

4.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 

wherepos 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. 

 

4. Discuss RegressionAnalysis in detail      (13) 

Soln:-  

    Regression analysis can be used to model the relationship between one or more 

independent        or predictor variables and a dependent or response variable which is 

continuous-valued. 

  In the context of data mining, the predictor variables are theattributes of interest 

describing the tuple (i.e., making up the attribute vector). 

 In general,the values of the predictor variables are known. 

 The response variable is what we want to predict. 

1.LinearRegression: 

Straight-lineregressionanalysisinvolvesaresponsevariable,y,and 

asinglepredictorvariablex. 

Itisthesimplestformof regression,andmodelsy asalinear functionofx. 

Thatis,y=b+wx 

wherethe varianceofyisassumedtobe constant bandw areregression 

coefficientsspecifyingthe Y-intercept and slopeoftheline. 

Theregressioncoefficients,wandb, canalsobethoughtof as weights,sothatwecan 

equivalentlywrite,y=w0+w1x 



Thesecoefficientscan be solved forbythemethod ofleast squares,whichestimatesthe  

best-fitting straight line as the one that minimizes the error between the actual data and 

theestimateof theline. 

Let D be a training set consisting of values of predictor variable, x, for some population and 

their associated values for response variable, y. The training set contains |D| data points 

oftheform(x1, y1), (x2, y2),… , (x|D|, y|D|). 

Theregressioncoefficientscanbeestimatedusingthismethodwiththefollowingequations:  

wherex isthemeanvalueof x1,x2,…,x|D|,andyisthemeanvalueofy1,y2,…,y|D|.Thecoefficients 

w0andw1 oftenprovidegoodapproximationstootherwisecomplicatedregressionequations.  

2.MultipleLinearRegression: 

Itisanextensionofstraight-lineregressionsoastoinvolvemorethanonepredictorvariable. 

Itallowsresponsevariableytobemodeledasalinearfunctionof,say,npredictorvariablesorattrib

utes,A1, A2, …, An, describingatuple,X. 

Anexampleofamultiplelinearregressionmodelbasedontwopredictorattributesorvariables,A 1

and A2, isy= w0+w1x1+w2x2 

wherex1 and x2 arethevaluesofattributes A1andA2,respectively, in X. 

Multipleregressionproblemsareinsteadcommonlysolvedwiththeuseofstatisticalsoftwarepac

kages, suchas SAS,SPSS, and S-Plus. 

3.NonlinearRegression: 

Itcan bemodeledbyaddingpolynomial termsto thebasic linearmodel. 

By applying transformations to the variables, we can convert the nonlinear model into 

alinearonethat can then besolved bythe method of least squares. 

Polynomial Regression is a special case of multiple regression. That is, the addition 

ofhigh-order terms like x2, x3, and so on, which are simple functions of the single variable, 

x,canbeconsideredequivalent to addingnewindependent variables. 

Transformationofapolynomialregressionmodeltoalinearregressionmodel: 

Consideracubicpolynomial relationshipgivenby 

y=w0+w1x+w2x2+w3x3 



Toconvertthisequationtolinearform,wedefinenewvariables: 

x1 =x,x2 =x2 ,x3 =x3 

It canthenbeconvertedtolinear formby applying theaboveassignments,resulting 

intheequationy=w0+w1x+w2x2+w3x3 

whichis easilysolved bythemethod of least squaresusingsoftware for regressionanalysis. 

ClassifierAccuracy: 

 The accuracy of a classifier on a given test set is the percentage of test set tuples that 

arecorrectlyclassified bytheclassifier. 

 In the pattern recognition literature, this is also referred to as the overall recognition rate 

oftheclassifier, that is, it reflects how well the classifier recognizes tuples of the 

variousclasses. 

 The error rate or misclassification rate of a classifier,M, which is simply 1-

Acc(M),whereAcc(M)is theaccuracyof M. 

 The confusion matrix is a useful tool for analyzing how well your classifier can 

recognizetuplesof different classes. 

 Truepositives refer to the positivetuples that werecorrectlylabeled bytheclassifier.

Truenegatives arethe negativetuplesthat werecorrectlylabeled bythe classifier. 

 Falsepositivesarethenegativetuplesthatwereincorrectlylabeled. 

 Howwelltheclassifiercanrecognize,forthissensitivityandspecificitymeasurescanbeused.  

Accuracyis a function ofsensitivityand specificity. 

 

 

wheret_posisthenumberoftruepositivesposisthenumberof positive tuples 

t _negis the number of true negativesnegis the number of 

negativetuples,f_posisthenumberoffalsepositives 

 

 

5. Consider the given dataset,Apply Naive Bayes Algorithm and predict that if a fruit 

has the following properties then which type of the fruit it it Fruit={Yellow, 

Sweet,Long}                            (13) 



Frequency Table:- 

Fruit Yellow Sweet Long Total 

Mango 350 450 0 650 
Banana 400 300 350 400 

Others 50 100 50 150 
Total 800 850 400 1200 
Soln:- 

P(A|B) = (P(B|A) * P(A) )/ P(B) 

1. Mango: 

P(X | Mango) = P(Yellow | Mango) * P(Sweet | Mango) * P(Long | Mango) 

1. a) P(Yellow | Mango) = (P(Yellow | Mango) * P(Yellow) )/ P (Mango) 

= ((350/800) * (800/1200)) / (650/1200) 

P(Yellow | Mango)= 0.53 →1 

 

1.b) P(Sweet | Mango) = (P(Sweet | Mango) * P(Sweet) )/ P (Mango) 

= ((450/850) * (850/1200)) / (650/1200) 

P(Sweet | Mango)= 0.69 → 2 

1. c) P(Long | Mango) = (P(Long | Mango) * P(Long) )/ P (Mango) 

= ((0/650) * (400/1200)) / (800/1200) 

P(Long | Mango)= 0 → 3 

 

On multiplying eq 1,2,3 ==> P(X | Mango) = 0.53 * 0.69 * 0 

P(X | Mango) = 0 

 

2. Banana: 

P(X | Banana) = P(Yellow | Banana) * P(Sweet | Banana) * P(Long | Banana) 

2.a)  P(Yellow | Banana) = (P( Banana | Yellow ) * P(Yellow) )/ P (Banana) 

= ((400/800) * (800/1200)) / (400/1200) 

P(Yellow | Banana) = 1 → 4 

2.b) P(Sweet | Banana) = (P( Banana | Sweet) * P(Sweet) )/ P (Banana) 

= ((300/850) * (850/1200)) / (400/1200) 

P(Sweet | Banana) = .75→ 5 

2.c) P(Long | Banana) = (P( Banana | Yellow ) * P(Long) )/ P (Banana) 

= ((350/400) * (400/1200)) / (400/1200) 

P(Yellow | Banana) = 0.875 → 6 

 

On multiplying eq 4,5,6 ==> P(X | Banana) = 1 * .75 * 0.875 

P(X | Banana) = 0.6562 

3. Others: 

P(X | Others) = P(Yellow | Others) * P(Sweet | Others) * P(Long | Others) 

3.a) P(Yellow | Others) = (P( Others| Yellow ) * P(Yellow) )/ P (Others) 



= ((50/800) * (800/1200)) / (150/1200) 

P(Yellow | Others) = 0.34→ 7 

3.b) P(Sweet | Others) = (P( Others| Sweet ) * P(Sweet) )/ P (Others) 

= ((100/850) * (850/1200)) / (150/1200) 

P(Sweet | Others) = 0.67 → 8 

3.c) P(Long | Others) = (P( Others| Long) * P(Long) )/ P (Others) 

= ((50/400) * (400/1200)) / (150/1200) 

P(Long | Others) = 0.34 → 9 

 

On multiplying eq 7,8,9 ==> P(X | Others) = 0.34 * 0.67* 0.34 

P(X | Others) = 0.07742 

 

So finally from P(X | Mango) == 0 , P(X | Banana) == 0.65 and P(X| Others) == 0.07742. 

We can conclude Fruit{Yellow,Sweet,Long} is Banana. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

UNIT-3                                                            PART -C                                                           15 Marks 

1. Describe in detail about classification by decision induction.   (15) 



Soln:- 

 Decisiontreeinductionisthelearningofdecisiontreesfromclass-labeled trainingtuples. 

 Adecision treeis aflowchart-liketreestructure,where 

 Eachinternalnodedenotesatestonanattribute. 

 Eachbranchrepresents anoutcomeofthetest. 

 Eachleafnodeholdsa classlabel. 

 Thetopmost nodeina treeistheroot node. 

 

The construction of decision tree classifiers does not require any domain knowledge 

orparametersetting,and thereforeIappropriate for exploratoryknowledgediscovery.  

Decisiontrees canhandlehighdimensional data. 

Their representation of acquired knowledge in tree for misintuitive and generally easy 

toassimilatebyhumans. 

Thelearningandclassificationstepsofdecisiontree inductionaresimpleandfast. Ingeneral, 

decision tree classifiers havegoodaccuracy. 

 Decision tree induction algorithms have been used for classification in many 

applicationareas, such as medicine, manufacturing and production, financial analysis, 

astronomy, andmolecularbiology. 

 AlgorithmForDecisionTreeInduction:  Thealgorithmiscalledwiththreeparameters: 



 Datapartition 

 Attributelist 

 Attributeselectionmethod 

Theparameterattributelistisa listofattributesdescribingthetuples. 

Attributeselectionmethodspecifiesaheuristic procedureforselectingthe attributethat 

―best‖discriminatesthegiven tuples accordingtoclass. 

Thetreestartsas asingle node, N, representingthetrainingtuplesinD. 

If the tuples in D are all of the same class, then node N becomes a leaf and is labeled with 

that class. 

All oftheterminatingconditionsareexplainedattheendofthe algorithm. 

Otherwise, the algorithm calls Attribute selection method to determine the 

splittingcriterion. 

Thesplittingcriterion tellsus which attributeto test at nodeNbydeterminingthe―best‖ 

wayto separate orpartition the tuples in D into individual classes. 

Therearethreepossiblescenarios.LetAbethesplittingattribute.Ahasvdistinctvalues, 

{a1,a2,…,av},basedonthetrainingdata. 



1 .Aisdiscrete-valued: 

Inthis case, the outcomes of thetest at node Ncorrespond directlytotheknownvalues ofA.  

A branch is created for each known value, aj, of A and labeled with that value.Aneednot  

beconsideredin anyfuturepartitioning of thetuples. 

2 Ais continuous-valued: 

In this case, the test at node N has two possible outcomes, corresponding to the 

conditionsA<=split pointand A>split point, respectively 

Where splitpointisthesplit-

pointreturnedbyAttributeselectionmethodaspartofthesplittingcriterion. 

3 Aisdiscrete-valuedandabinarytreemustbeproduced: 

Thetestat nodeNis of the form―A€SA?‖. 

SAisthesplittingsubsetforA,returnedbyAttributeselectionmethodaspartofthesplittingcriterio

n.It is a subset oftheknown values of A. 

 

 
 

(a ) If A is Discrete valued (b)If A is continuous valued  

(c) If A is discrete-valued and a binarytreemust beproduced:* 

 

2. Consider a piece of data collected over the course of 14 days where the features 

are Outlook, Temperature, Humidity, Wind and the outcome variable is whether Golf 

was played on the day.                            (15) 

Day Outlook Temperature Humidity Wind 
Play 

Golf 

D1 Sunny Hot High Weak No 

D2 Sunny Hot High Strong No 

D3 Overcast Hot High Weak Yes 

D4 Rain Mild High Weak Yes 

D5 Rain Cool Normal Weak Yes 



D6 Rain Cool Normal Strong No 

D7 Overcast Cool Normal Strong Yes 

D8 Sunny Mild High Weak No 

D9 Sunny Cool Normal Weak Yes 

D10 Rain Mild Normal Weak Yes 

D11 Sunny Mild Normal Strong Yes 

D12 Overcast Mild High Strong Yes 

D13 Overcast Hot Normal Weak Yes 

D14 Rain Mild High Strong No 

Build a predictive model which takes in above 4 parameters and predicts whether 

Golf will be played on the day. Build a decision tree to do that using ID3 algorithm.   

 

Soln:- 

To build a decision tree, we need to calculate two types of entropy using frequency 

tables as follows: 

a) Entropy using the frequency table of one attribute: 

 

b) Entropy using the frequency table of two attributes: 

 

 
Information Gain 

The information gain is based on the decrease in entropy after a dataset is split on an 

attribute. Constructing a decision tree is all about finding attribute that returns the 

highest information gain (i.e., the most homogeneous branches). 

 
Step 1: Calculate entropy of the target.  



 

Step 2: The dataset is then split on the different attributes. The entropy for each branch 

is calculated. Then it is added proportionally, to get total entropy for the split. The 

resulting entropy is subtracted from the entropy before the split. The result is the 

Information Gain, or decrease in entropy.  

 

 

Step 3: Choose attribute with the largest information gain as the decision node, divide 

the dataset by its branches and repeat the same process on every branch. 

 

 



Step 4a: A branch with entropy of 0 is a leaf node. 

 

Step 4b: A branch with entropy more than 0 needs further splitting. 

 

Step 5: The ID3 algorithm is run recursively on the non-leaf branches, until all data is 

classified. 

Decision Tree to Decision Rules 

A decision tree can easily be transformed to a set of rules by mapping from the root 

node to the leaf nodes one by one. 

 

 

 

 

 

 

 

 

 

 


