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UNIT II ASSOCIATION RULE MINING AND CLASSIFICATION 9
Introduction to Association rules - Association Rule Mining - Mining Frequent Itemsets
with and without Candidate Generation -Classification versus Prediction — Data Preparation
for Classification and Prediction




UNIT-1 PART -A 2 Marks

PART-A(2 Marks)
1. Withanexampleexplaincorrelationanalysis?
Soln:-
A correlation measure can be used to augment  the support
andconfidencebutalsoforassociationrules.Thisleadstocorrelationrulesoftheform
A=>B[support, confidence,correlation]
2. Giveexamplesforbinaryandmultidimensionalassociationrules.
Soln:-
v' Binary or Single dimensional association rulebuys(X="“computer”)
=>buys(X=“HPPrinter”)
v Multidimensionalassociationrules
Age(X,”30..39")aincome(X,”2000..40000”)=>buys(X,”"LCDTV")
3. ListtheZinterestingmeasuresof anassociation rule.
Soln:-
There are 2 interesting measures od an association rule. They areSupport(A=>B)=P(AUB)
Confidence(A=>B)=P(B/A)
4. Definefrequentpatterns.
Soln:-
Frequentpatternsarepatterns(suchasitemsets,subsequencesorsubstructures)thatappear
inadatasetfrequently.
5. DefineMarketbasketanalysis.
Soln:-
A typical example of frequent item set mining is market basket analysis.This process alyzes
customer buying habits by fining associations between thedifferentitems that customers
placein theirshoppingbaskets.
6. WhatisSTRONG?
Soln:-Therulesthatsatisfy bothaminimumsupportthreshold(min_sup)andaminimum
confidencethreshold (min_conf) arecalledstrong.
7. DefineAprioriproperty.
Soln:-
Allnonemptysubsets of afrequentitemset mustalso befrequent.
8. WhatisAnti-monotone?
Soln:-
If asetcannot passatest,all ofitssubsetswill failthesametest aswell.
9. DefineAssociationrule.
Soln:-
Itsearchesforinterestingrelationshipsamongitemsinagivendataset.




10. Whataretheconstraintscanincludetheconstraint-basedassociationmining?

Soln:-

¢ Knowledgetype constraints

e Dataconstraints

¢ Dimension/levelconstraints

¢ Interestingnessconstraints

¢ Ruleconstraints

11. Classify OLAP Tools.

Soln:-

MOLAP-MultidimensionalOnlineAnalyticalProcessing

ROLAP - Multirelational Online Analytical ProcessingMQE-ManagedQueryEnvironment

12. WhatisApex cuboid?

Soln:-

e Apexcuboidor0-Dcuboidwhich holds thehighestlevelofsummarization.

e TheApexcuboidistypicallydenotedbyall.

13. Whatismultidimensionaldatabase?

Soln:-

Data warehouses and OLAP tools are based on a multidimensionaldata model. This model is
used for the design of corporate data warehousesand department data marts. This model
contains a star schema, snowflakeschema and fact constellation schemas. The core of
multidimensional modelisthedata cube.

14. Compare OLTP and OLAP.

Soln:-

DataWarehouse(OLAP) OperationalDatabase(OLTP)

Involveshistoricalprocessingofinformation.

Involvesday-to-dayprocessing.

OLAPsystemsareusedbyknowledge

OLTPsystemsareusedbyclerks,

workerssuchasexecutives, managersand

DBAs,ordatabaseprofessionals.

Usefulinanalyzingthe business.

Usefulinrunning thebusiness.

[tfocusesonInformationout.

[tfocusesonDatain.

BasedonStarSchema,Snowflake,SchemaandFa
ctConstellationSchema.

BasedonEntityRelationshipModel.

Containshistoricaldata.

Containscurrentdata.

Providessummarizedandmultidimensional

Providesdetailedandflatrelational

Numberorusersisinhundreds.

Numberofusersis inthousands.

Numberofrecordsaccessedisinmillions.

Numberofrecordsaccessedisin tens.




Databasesizeisfrom100GBto1TB Databasesizeisfrom100MBto1GB.

Highlyflexible. Provideshighperformance.

15. ListoutOLAPoperationsinmultidimensionaldatamodel.
Soln:-

¢ Roll-up -performsaggregationonadatacube

¢ Drill-down -isthereverseoperationof roll-up.

e Slice and dice - Slice operation selects one particular dimensionfrom a given cube and
provides a new sub-cube. Dice selects twoor more dimensions from a given cube and
provides a new sub-cube.

¢ Pivot(or) rotate-Thepivotoperationisalsoknownasrotation.ltrotates the data axes in
view in order to provide an alternativepresentationof data.

16. Mentionthefunctionsof OLAPserversinthedatawarehousingarchitecture.

Soln:-

The OLAP server performs multidimensional queries of data andstores the results in its
multidimensional storage. It speeds the analysis offact tables into cubes, stores the cubes
until needed, and then quicklyreturnsthe data toclients.

17. Statetheneedforpruningphaseindecisiontreeconstruction?

Soln:-

When a decision tree is built many of the branches will reflect anomalies in thetraining data
to noise or outliers. Tree pruning methods address this problem ofoutfitting the data. Such
methods typically use statistical measures to remove theleastreliable branches

18. Whatarethestepsinvolvedin dataclassification?

Soln:-

Dataclassification is a2step process. Theyare

1)Learningstep2)Classificationstep.

19. Whatarethepreprocessingstepscan beusedinclassification orpredictionprocess.
Soln:-

% Datacleaning

% Relevanceanalysis

% Datatransformationand reduction
20. Whatis ID3?

Soln:-

Itisadecision tree algorithmusedbydecisiontree induction.

21.Listsomepopularattributeselection measures.
Soln:-

¢ Informationgain

e (ainratio




e Giniindex

22.DefineBayesianBeliefnetworks.

Soln:-It  specifies joint conditional probability distributions they allow
classconditionalindependenciestobedefinedbetweensubsetsofvariables.

o Abelief networkis defined by2Zcomponents:

1. Directedacyclicgraph

2. Setof conditional probabilitytables.

23. 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.
29.What are the major issues of Decision Trees?

Soln:-

e Working with continuous attributes (binning)

« overfitting Avoiding

 Super Attributes (attributes with many unique values)

e Working with missing values

30. 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.

31. 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.

32. 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.

Unit-2 PART-B (13 Marks)

1. Write and explain the algorithm for mining frequent item sets without candidate




2.

generation. Give relevant example. (13)
Soln:-

In many cases the Apriori candidate generate-and-test method significantly reduces the size
of candidate sets, leading to good performance gain. However, it can suffer from two
nontrivial costs:

Using Apriori needs a generation of candidate itemsets. These itemsets may be large in
number if the itemset in the database is huge.

Apriorineeds multiple scans of the database to check the supportof each itemset generated
and this leads to high costs.

These shortcomings can be overcome using the FP growth algorithm.

Frequent Pattern Growth Algorithm

This algorithm is an improvement to the Apriori method. A frequent pattern is generated
without the need for candidate generation. FP growth algorithm represents the database in
the form of a tree called a frequent pattern tree or FP tree.

This tree structure will maintain the association between the itemsets. The database is
fragmented using one frequent item. This fragmented part is called “pattern fragment”. The
itemsets of these fragmented patterns are analyzed. Thus with this method, the search for
frequent itemsets is reduced comparatively.

FP Tree

Frequent Pattern Tree is a tree-like structure that is made with the initial itemsets of the
database. The purpose of the FP tree is to mine the most frequent pattern. Each node of the
FP tree represents an item of the itemset.

The root node represents null while the lower nodes represent the itemsets. The
association of the nodes with the lower nodes that is the itemsets with the other itemsets
are maintained while forming the tree.

Frequent Pattern Algorithm Steps

The frequent pattern growth method lets us find the frequent pattern without candidate
generation.

Let us see the steps followed to mine the frequent pattern using frequent pattern
growth algorithm:

#1) The first step is to scan the database to find the occurrences of the itemsets in the
database. This step is the same as the first step of Apriori. The count of 1-itemsets in the
database is called support count or frequency of 1-itemset.

#2) The second step is to construct the FP tree. For this, create the root of the tree. The root
is represented by null.

#3) The next step is to scan the database again and examine the transactions. Examine the
first transaction and find out the itemset in it. The itemset with the max countis taken at the
top, the next itemset with lower count and so on. It means that the branch of the tree is
constructed with transaction itemsets in descending order of count.

#4) The next transaction in the database is examined. The itemsets are ordered in
descending order of count. If any itemset of this transaction is already present in another




branch (for example in the 1st transaction), then this transaction branch would share a
common prefix to the root.This means that the common itemset is linked to the new node of
another itemset in this transaction.

#5) Also, the count of the itemset is incremented as it occurs in the transactions. Both the
common node and new node count is increased by 1 as they are created and linked
according to transactions.

#6) The next step is to mine the created FP Tree. For this, the lowest node is examined first
along with the links of the lowest nodes. The lowest node represents the frequency pattern
length 1. From this, traverse the path in the FP Tree. This path or paths are called a
conditional pattern base.

Conditional pattern base is a sub-database consisting of prefix paths in the FP tree
occurring with the lowest node (suffix).

#7) Construct a Conditional FP Tree, which is formed by a count of itemsets in the path. The
itemsets meeting the threshold support are considered in the Conditional FP Tree.

#8) Frequent Patterns are generated from the Conditional FP Tree.

Example Of FP-Growth Algorithm:-Support threshold=50%, Confidence= 60%
Table 1

Transaction List of items
T1 11,12,13

T2 12,13,14

T3 14,15

T4 11,12,14

T5 11,12,13,15

T6 11,12,13,14
Solution:-

Support threshold=50% => 0.5*%6= 3 =>min_sup=3
1. Count of each item

Table 2

Item Count

11
12
13
14
I5

N S B U

2. Sort the itemset in descending order.
Table 3

Item Count
12 5




Item Count

11 4
I3 4
14 4

3. Build FP Tree

. Considering the root node null.

. The firstscan of Transaction T1: I1, I2, I3 contains three items {I1:1}, {I2:1}, {I3:1}, where 12
is linked as a child to root, I1 is linked to 12 and I3 is linked to I1.

. T2: 12, 13, 14 contains 12, I3, and 14, where 12 is linked to root, I3 is linked to 12 and 14 is

linked to 13. But this branch would share 12 node as common as it is already used in T1.

. Increment the count of 12 by 1 and I3 is linked as a child to 12, 14 is linked as a child to I3.
The count is {12:2}, {I3:1}, {I4:1}.

. T3:14, I5. Similarly, a new branch with I5 is linked to 14 as a child is created.

. T4:11, 12, 4. The sequence will be 12, 11, and 4. 12 is already linked to the root node, hence
it will be incremented by 1. Similarly 11 will be incremented by 1 as it is already linked with
12 in T1, thus {12:3}, {I1:2}, {14:1}.

. T5:11, 12,13, I5. The sequence will be 12, 11, I3, and I5. Thus {12:4}, {I1:3}, {I3:2}, {I5:1}.

. T6:11, 12, 13, [4. The sequence will be 12,11, I3, and 14. Thus {12:5}, {I1:4}, {I3:3}, {I4 1}.

Mull
12: 5 14:1
11:4 13:1  15:1
13:3 14:1
15:1  14:1

4.Mining of FP-tree is summarized below:

. The lowest node item I5 is not considered as it does not have a min support count, hence it
is deleted.

. The next lower node is 14. 14 occurs in 2 branches , {12,11,13:,141},{12,13,14:1}. Therefore
considering 14 as suffix the prefix paths will be {12, 11, [3:1}, {I2, I3: 1}. This forms the
conditional pattern base.

. The conditional pattern base is considered a transaction database, an FP-tree is
constructed. This will contain {I2:2, 13:2}, I1 is not considered as it does not meet the min
support count.

. This path will generate all combinations of frequent patterns : {I12,14:2} {13,14:2} {12,13,14:2}



https://www.softwaretestinghelp.com/wp-content/qa/uploads/2019/09/FP-Tree.png

5. For I3, the prefix path would be: {I2,11:3},{I2:1}, this will generate a 2 node FP-tree : {I2:4,
[1:3} and frequent patterns are generated: {I2,13:4}, {I1:13:3}, {I2,11,13:3}.

6. For I1, the prefix path would be: {I2:4} this will generate a single node FP-tree: {I2:4} and
frequent patterns are generated: {12, 11:4}.

Item Conditional Pattern Conditional Frequent Patterns
Base FP-tree Generated
14 {12,11,13:1},{12,13:1} {12:2,13:2} {12,14:2},{13,14:2} {12,13,14:2}
I3 {12,11:3} {12:1} {12:4, 11:3} {12,13:4}, {11:13:3},
{I2,11,13:3}
I1 {12:4} {12:4} {I2,11:4}

The diagram given below depicts the conditional FP tree associated with the conditional
node I3.

Nullf)
Item ID Support Count
Node-link 12:3,1
12 B
11 3

11:3

Advantages Of FP Growth Algorithm

1. This algorithm needs to scan the database only twice when compared to Apriori which
scans the transactions for each iteration.

2. The pairing of items is not done in this algorithm and this makes it faster.

3. The database is stored in a compact version in memory.

4. TItis efficient and scalable for mining both long and short frequent patterns.
Disadvantages Of FP-Growth Algorithm

1. FP Tree is more cumbersome and difficult to build than Apriori.

2. It may be expensive.

3. When the database is large, the algorithm may not fit in the shared memory.

FP Growth vsApriori

FP Growth Apriori

Pattern Generation

FP growth generates pattern by  Apriorigenerates pattern by pairing the
constructing a FP tree items into singletons, pairs and triplets.
Candidate Generation

There is no candidate generation Apriori uses candidate generation
Process
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FP Growth Apriori

The process is faster as compared to  The process is comparatively slower
Apriori. The runtime of process than FP Growth, the runtime increases
increases linearly with increase in exponentially with increase in number

number of itemsets. of itemsets

Memory Usage

A compact version of database is The candidates combinations are saved
saved in memory

ECLAT

The above method, Apriori and FP growth, mine frequent itemsets using horizontal data
format. ECLAT is a method of mining frequent itemsets using the vertical data format. It will
transform the data in the horizontal data format into the vertical format.

For Example, Apriori and FP growth use:

Transaction List of items
T1 11,12,13
T2 12,13,14
T3 14,15

T4 11,12,14
T5 11,12,13,I5
T6 11,12,13,14
The ECLAT will have the format of the table as:
Item Transaction Set

11 {T1,T4,T5,T6}

12 {T1,T2,T4,T5,T6}

I3 {T1,T2,T5,T6}

14 {T2,T3,T4,T5}

I5 {T3,T5}

This method will form 2-itemsets, 3 itemsets, kitemsets in the vertical data format. This
process with k is increased by 1 until no candidate itemsets are found. Some optimizations
techniques such as diffset are used along with Apriori.

This method has an advantage over Apriori as it does not require scanning the database to
find the support of k+1 itemsets. This is because the Transaction set will carry the count of
occurrence of each item in the transaction (support). The bottleneck comes when there are
many transactions taking huge memory and computational time for intersecting the sets.

2. Explain the following

(i). Classification and Prediction (5)
Soln:-

» Accuracy:




e The accuracy of a classifier refers to the ability of a given classifier to correctly
predicttheclasslabelofneworpreviouslyunseendata(i.e.,tupleswithoutclasslabelinformation).
e The accuracy of a predictor refers to how well a given predictor can guess the value
ofthepredictedattributefornew orpreviouslyunseen data.

> Speed:

Thisreferstothe computationalcosts involvedingeneratingandusingthegiven classifier
orpredictor.

> Robustness:

Thisis the abilityof theclassifier orpredictorto makecorrect predictionsgivennoisydata or
datawith missingvalues.

» Scalability:

This refers to the ability to construct the classifier or predictor
efficientlygivenlargeamounts of data.

» Interpretability:

e This refers to the level of understanding and insight that is providedby the classifier
orpredictor.Interpretabilityis subjectiveand thereforemoredifficultto assess.

2(ii). Data preparation for classification and prediction (8)
Soln:-

PreparingtheDataforClassificationandPrediction:

Thefollowingpreprocessingstepsmaybeappliedto thedata tohelp
improvetheaccuracy,efficiency,and scalabilityoftheclassificationorprediction process.
Datacleaning:

This refers to the preprocessing of data in order to remove or reduce noise (by applying
smoothing techniques) and the treatment of missingvalues(e.g., by replacing a missingvalue
with the most commonly occurring value for that attribute, or with the most
probablevaluebased on statistics).

Althoughmostclassificationalgorithmshave somemechanismsfor handling noisy
ormissingdata, this step can help reduceconfusionduringlearning.

Relevanceanalysis:

Manyoftheattributesinthedata mayberedundant.
Correlationanalysiscanbeusedtoidentifywhetheranytwogivenattributesare

Statistically related.

For example, a strong correlation between attributes A1 and A2 would suggest that one
ofthetwo could be removed from further analysis.
Adatabasemayalsocontainirrelevantattributes.Attributesubsetselectioncanbeusedin
thesecases tofindareducedsetofattributessuchthattheresultingprobabilitydistribution of the
data classes is as close as possible to the original distribution obtainedusingall attributes.
Hence,relevanceanalysis,intheformofcorrelationanalysisandattributesubsetselection,




can be used to detect attributes that do not contribute to the classification orpredictiontask.
Suchanalysiscanhelpimproveclassificationefficiencyandscalability.

e DataTransformationAndReduction
Thedatamaybetransformedbynormalization,particularlywhenneuralnetworksormethodsinv
olvingdistancemeasurements areused in thelearningstep.
Normalizationinvolvesscalingallvaluesforagivenattributesothattheyfallwithinasmallspecifie
drange, such as-1to +1 or 0 to 1.

The data can also be transformed by generalizing it to higher-level concepts.
Concepthierarchiesmaybeusedforthispurpose.Thisisparticularlyusefulforcontinuousvalued
attributes.

For example, numeric values for the attribute income can be generalized to discreteranges,
such as low, medium, and high. Similarly, categorical attributes, like street, canbegeneralized
to higher-level concepts, like city.

Data can also be reduced by applying many other methods, ranging from
wavelettransformationandprinciplecomponentsanalysis
todiscretizationtechniques,suchasbinning, histogram analysis, andclustering.

3. Discuss the approaches for mining multi-level and multi-dimensional association
rules from the transactional databases. Give relevant example. (13)
Soln:-

e For many applications, it is difficult to find strong associations among data items at
loworprimitivelevels of abstraction dueto thesparsityofdata at thoselevels.

¢ Strongassociationsdiscovered athigh levelsof
abstractionmayrepresentcommonsenseknowledge.

e Therefore,dataminingsystemsshouldprovide capabilitiesforminingassociationrulesat
multiple levels of abstraction, with sufficient flexibility for easy traversalamong different
abstractionspaces.

e Association rules generated from mining data at multiple levels of abstraction are
calledmultiple-levelor multilevel association rules.

e Multilevel association rules can be mined efficiently using concept hierarchies under
asupport-confidenceframework.

s Ingeneral,atop-downstrategy isemployed,wherecountsareaccumulatedforthecalculation
of frequent itemsets at each concept level, starting at the concept level 1
andworkingdownward  inthe  hierarchy = towardthemore  specificconceptlevels,
untilnomorefrequent itemsets can befound.




Aconcept hierarchydefinesasequenceofmappingsfrom asetoflow-
levelconceptstohigherlevel, moregeneralconcepts.Datacanbegeneralizedbyreplacinglow -

TiD Iterms Purchased
T 10 IBM-ThinkPad-T40/2373, HP-Photosmart-7&60
T2 MMicrosoft-—Office- Professional-2003, Microsoft-Plas!-Digital-hMedia
T 300 Logitech-MX700-Cordless-MMouse, Fellowes-Wrist-Rest
T400 Dell-Dimension-X PSS, Canon-PowerShot-S400
T SO0 IBM-ThinkPad- R40/FP4M., Symantec-MNorton-Antivirus-2003

Computer

[ tomor ) [ esiees ] [ omes

A concept hierarchy for AllElectrornics computer items.

levelconcepts withinthedatabytheirhigher-levelconcepts,orancestors,from a
concepthierarchy.
Theconcepthierarchyhasfivelevels,respectivelyreferredtoaslevelsOto4,startingwithlevelOat
theroot node forall.

e Here Levellincludescomputer,software,printer & camera, andcomputeraccessory. e
Level2includeslaptopcomputer,desktopcomputer,officesoftware,antivirussoftware

e Level3 includesIBM desktopcomputer, ..., Microsoftofficesoftware,andso on.

¢ Level 4isthemostspecificabstractionlevelof thishierarchy.

4. Discuss Association rule mining (13)
Soln:-

Associationruleminingisa popularand wellresearched methodfordiscoveringinteresting
relationsbetween variables in largedatabases.

Itisintendedtoidentifystrongrules discoveredindatabasesusingdifferentmeasuresof
interestingness.

Basedontheconceptof strongrules, RakeshAgrawaletal.introducedassociationrules.
ProblemDefinition:

Theproblem ofassociationruleminingis definedas:

Let! = {31: 12, Ln}beaset of nbinaryattributes called items.
LetJDI = {1‘-1, t2, ..., 1;'*-‘ﬂ'}beasetoftransactionscalled the database.
Eachtransactionin/Jhas a uniquetransactionID andcontainsasubsetofthe itemsin/ .

Aruleisdefinedasanimplicationoftheform X = YwhereX, Y STondXNY =0,
Thesetsofitems(forshortitemsets).X andY arecalledantecedent(left-hand-

sideorLHS)andconsequent(right-hand-sideorRHS) oftherule respectively.




Example:
Toillustratetheconcepts,weuseasmallexamplefromthesupermarketdomain.Thesetofitems is

I = {milk, bread, butter,beertand a2 small database containing the items
(Lcodespresenceand 0 absenceofanitem in atransaction) is shownin thetable.

An example rule for the supermarket could be {butter,bread} = {mﬂk}meaning that
ifbutterand bread arebought, customers also buymilk.
Exampledatabasewith4itemsand5transactions

Transactionl milk Bread butter beer
D

1 1 1 0 ‘F

2 0 0 1 0

3 0 0 0 1

4 1 1 1 F

5 0 1 0 |P

ImportantconceptsofAssociationRuleMining:
Thesupportsupp(X)ofanitemset isdefinedastheproportionoftransactionsinthedataset
which contain the itemset. In the example database, the

itemset

{milk, breadabUt't'Er}hasasupportotl/5 = 0-2sinceitoccursinZO%Ofalltransactions(l

out of5 transactions).

« Theconfidence ofarule isdefined

conf(X = V) = supp(X UY)/supp(X),

For example, the rule {Putter,bread} = {milk },saconfidenceor0-2/0.2=1.0
inthedatabase,whichmeansthatfor100%ofthetransactionscontaining butter and bread the

rule is correct (100% of the times a customer buys
butterandbread,milkisboughtaswell).Confidencecanbeinterpretedasanestimate ofthe
probabilityP(Y| X),theprobability offinding theRHSoftherule
intransactionsunderthecondition that thesetransactionsalso contain theLHS-

 Thelift ofarule is definedas _

supp(X UY')
supp(X) x supp(Y')

lift (X = Y) =
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ortheratiooftheobservedsupporttothatexpectedifXandYwereindependent.Therule hasa

0.2
o0 4 X 0, o1
liftofU.=2 X "g‘milk, breadi = {butter}

» Theconviction ofarule isdetinedas )
B 1 — supp(Y
conv(X = Y) = 77— fX = V)
1-04 _ 19
Therule{mllka bread} = {b“t't'ﬁr}hasa convictionof 1—5 -7

andcanbeinterpretedastheratiooftheexpectedfrequencythatXoccurswithoutY(that is to say,
the frequency that the rule makes an incorrect prediction) if X and Y
wereindependentdivided bytheobservedfrequencyofincorrect predictions.

UNIT-2 PART-C 15 Marks

1. Write and explain the Apriori algorithm for mining frequent item sets with
candidate generation. Give relevant example. (15)
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Soln:-

e Apriori is a seminal algorithm proposed by R. Agrawal and R. Srikant in 1994 for
miningfrequentitemsets for Boolean association rules.

e The name of the algorithm is based on the fact that the algorithm uses prior knowledge
offrequentitemset properties.

e Apriori employs an iterative approach known as a level-wise search, where k-itemsets
areusedto explore(k+1)-itemsets.

e First, the set of frequent 1-itemsets is found by scanning the database to accumulate
thecountforeachitem,andcollectingthoseitemsthatsatisfyminimumsupport.Theresulting set
is denoted L1.Next, L1 is used to find L2, the set of frequent 2-itemsets,whichis usedto find
L3, and soon, untilno morefrequentk-itemsets canbe found.

e Thefindingof each Lirequires onefull scanof thedatabase.

Atwo-step process is followedin Apriori consistingof join andpruneaction.

Algorithm: Apriori. Find frequent itemsets using an iterative level-wise approach based on candidate
generation.

Input:
D, a database of transactions;
min_sup, the minimum support count threshold.

Output: L, frequent itemsets in .

Method:
(1) Ly = find_frequent_1-itemsets(D);
(2) for{k —2;14 1 #dik++) {
(3) Cy = apriori_gen(Lg 1)
(4) for each transaction r € D { // scan D for counts
(3) C, = subset{C, 1 ): // get the subsets of r that are candidates
(6) for each candidate ¢ € C,
(7) c.count++;
(8) }
(9) Ly {c € Cile.count = min_sup}
(10) }
(11) return L el g3
procedure apriori_gen(Z; j:frequent (k — 1 )-itemsets)
(1) for each itemset Iy = Lz
(2) for each itemset I = I;
(3) if ([l =8k{IDAI2]=02DA.. A1k —2 Lk —2])A Ik — 1] < 2]k — 1]) then {
(4) c = Iy » [2: // join step: generate candidates
(3) if has_infrequent_subset{c, 4 ;) then
(6) delete c; // prune step: remove unfruitful candidate
(7) else add ¢ to G
(8) }
(9) return Cg;
procedure has_infrequent_subset(c: candidate £-itemset;
Lg 1: frequent (k — 1 )-itemsets); // use prior knowledge
(1) for each (k — | )-subset 5 of ¢
(2) ifs L, , then
(3) return TRUE:
(4) return FALSE:
Example:

TID Listof




itemIDs
T100 [1,12,I5

T200 12,14
T300 12,13
T400 11,12,14
T500 1,13
T600 12,13
T700 11,13

T800 [1,12,13,15
T900 11,12,13

Thereareninetransactionsinthis database,thatis,|D| =9.
Steps:

1. In the first iteration of the algorithm, each item is a member of the set of candidatel -
itemsets, C1. The algorithm simply scans all of the transactions in order to countthe number
ofoccurrencesof each item.

2.  Suppose that the minimum support count required is 2, that is, min sup = 2. The set
offrequentl-itemsets,L.1,canthenbedetermined.ltconsistsofthecandidate1-
itemsetssatisfying minimum supportIn our example, all of the candidates in C1 satisfy
minimumsupport.

3. Todiscoverthesetoffrequent2-itemsets,L2,thealgorithmusesthejoinL.1onL1togenerate
a candidate set of 2-itemsets, C2.No candidates are removed fromC2 during theprunestep
becauseeachsubsetofthecandidates is also frequent.

4, Next, the transactions inDare scanned and the support count of each candidate
itemsetInC2 isaccumulated.

5. The set of frequent2-itemsets, L2, is then determined, consisting of those candidate2-
itemsetsin C2 havingminimum support.

6. The generation of the set of candidate 3-itemsets,C3, Fromthejoin step, we first getC3
=L2xL2 = ({11, 12, 13}, {11, 12, I5}, {I1, I3, I5}, {12, 13, 14} {12, 13, I5}, {12, 14, I5}. Based on
theApriori property that all subsets of a frequentitemsetmust also be frequent, we can
determinethatthe four lattercandidates cannotpossiblybefrequent.

7. Thetransactionsin Darescannedinorder todeterminelL3,consistingof thosecandidate3 -
itemsetsin C3 having minimum support.

8. ThealgorithmusesL3xL3togenerateacandidatesetof4-itemsets,C4.




c, L,

Scan D for Itemset | Sup. count | Compare candidate Itemset | Sup. count
count of cach fI1% [ support count with (I} [
candidate 112} 7 mainimum Suppot Iz} 7
. {13} G couni (13} 0
{14} 2 - - {14} 2
{15} 2 {I5} 2
(o . E;
Generate Itemset | Scan 2 for | Demset | Sup. count | Compare candidate | Ttemset | Sup. count
candidates from L, ([T1, 12} | count of each |{I1, 12} 4 support count with [ {11, 12} ]
—_— [{I1.13} candidate {11, 13} 4 minimm support {11, 13} 4
(I L4} | o [{I1, 14} 1 count {11, 15} 2
{IL.I5} {11, I5} 2 > {IZ, I3} 4
{12, 13} {12, 13} 4 (IZ. 14} 2
12, 14} 112, 14} 2 {12, 15} 2
{I2. 15} {I2, 15} 2
{13, 14} 113, 14} 0
{13, 15} {15, 15} 1
{14, 15} {I4, IS5} o
L Cs Compare candidate L
Generate Cy Itcmsct Scan D for Itemset |Sup. count | suppost count with Itemset  [Sup. count
candidates from [{I1, 12, 13} | count of each [{T1, IZ 13} 2 minimum suppors (111,12, 13} 2
L, candidate connt
— {1112 15| ————= |11, 12, IS} 2 — s|y11,12 15} 2

Generation of candidate itemsets and frequent itemsets, where the minimum support
count is 2.

(a) Join: C3 = Ly s Ly = {{11, 12}, {11,13}, {11, 15}, {12, 13}, {12, 14}, {12,15}} »
{{11,12}, {11, 13}, {11, 15}, {12, 13}, {12, 14}, {12, 15}}
= {{11,12,13}, {11,12,15}, {11, 13, 15}, {12, 13, 14}, {12, 13,15}, {12, 14,15} }.

(b) Prune using the Apriori property: All nonempty subsets of a frequent itemset must also be frequent. Do
any of the candidates have a subset that is not frequent?

The 2-item subsets of {11, 12, 13} are {I1, 12}, {I1, 13}, and {12, 13}. All 2-item subsets of {11, 12,
13} are members of La. Therefore, keep {11, 12,13} in Cs.

The 2-item subsets of {11, 12, 15} are {11, 12}, {11, 15}, and {12, 15}. All 2-item subsets of {11, 12,
15} are members of L3. Therefore, keep {11, 12,15} in C.

The 2-item subsets of {11, 13,15} are {11, 13}, {I11,15}, and {13,15}. {I3,15} is not a member of L3,
and so it is not frequent. Therefore, remove {11, 13, 15} from C.

The 2-item subsets of {12, 13, 14} are {12, 13}, {12, 14}, and {13, 14}. {13, 14} is not a member of Lz,
and so it is not frequent. Therefore, remove {12,13, 14} from .

The 2-item subsets of {12, 13,15} are {12, 13}, {12,15}, and {I3,15}. {I3,15} is not a member of L3,
and so it is not frequent. Therefore, remove {12, 13, 15} from C.

The Z-item subsets of {12, 14, 15} are {12, [4}, {12, 15}, and {14, 15}. {I4, I5} is not a member of
I3, and so it is not frequent. Therefore, remove {12, 14, 15} from C.

ic) Therefore, &5 = {{I1,12, 13}, {I1,12, 15} } after pruning.

Generation and pruning of candidate 3-itemsets, Cs, from L; using the Apriori property.
GeneratingAssociationRules fromFrequentltemsets:

Once the frequent itemsets from transactions in a database D have been found,
isstraightforwardto generate strongassociation rules fromthem.
support_count(AUB)

support_count(A)

confidence(A = B) = P(BJ|A) =

it




Example:

Generating association rules. Let’s try an example based on the transactional data
for AllElectronics shown in Table 5.1. Suppose the data contain the frequent itemset
[ = {I1, 12, I5}. What are the association rules that can be generated from [? The
nonempty subsets of [ are {Il, 12}, {I1, I5}, {12, I5}, {I1}, {12}, and {I5}. The
resulting association rules are as shown below, each listed with its confidence:

I Al2 =15, confidence = 2/4 = 50%
Inar=Ii2, confidence = 2/2 = 100%
rn’amn=Il, confidence = 2/2 = 100%
Il = 12115, confidence = 2/6 = 33%
12 =11 A15, confidence = 2/7 =29%
I5S= 1112, confidence = 2/2 = 100%

The conditional probability is expressed in terms of itemset support count, where
support _count (AU R) is the number of transactions containing the itemsets 4 U B, and
support _count(A) is the number of transactions containing the itemset A. Based on this
equation, association rules can be generated as follows:

For each frequent itemset [, generate all nonempty subsets of [.

support_cownt (1)

_ ) _ w e
For every nonempty subset 5 of [, output the rule “s = ({ —5)" if Suppor count{s] =

miini_conf, where min_conf is the minimum confidence threshold.

2. a.(i)Apply the Apriori algorithm for discovering frequent item sets of the following.
Use 20% for minimum support value.
a(ii).Show two rules that have a confidence of 70% or greater for an itemset

containing three items from 2a(i). (15)
TID Itemspurchased
101 milk,bread,eggs
102 milkjuice
103 juice,butter
104 milk,bread,eggs
105 coffee,eggs
106 coffee
107 coffee,juice
108 milk,bread,cookies,eggs
109 cookies,butter
110 milk,bread




Soln:-
Step-1:

In the first step, we index the data and then calculate the support for each one, if support

was less than the minimum value we eliminate that from the table.

Trans Items Purchased

The set of items is {milk, bread. cookies. eggs, butter,

1D
101 milk. bread. eggs
102 milk. juice
103 juice. butter 7 pm— e —
104 milk. bread. eggs Milk 1
105 coffee. eggs Bread 2
106 coffee Eges 3
107 coffee. juice Juice 4
= - Butter 5
108 milk. bread. cookies, Coffee 5
cgges Cookies 7.
109 cookies, butter
110 milk. bread
Step-2:
Calculate the support for each one
ID Items
101 1,23
102 1.4
103 4,5
104 1.2.3
105 6.3 <
106 6 — ItemSet | Support | %
107 6.4 {1} s 50
108 1293 {23} 4 40
109 75 {3} 4 40 _
110 2 {4} 3 30
{5} 2 20
{63 3 30
{73 2 20
Step-3:

coffee. juice}. Use 20% for the minimum support value.

C>

ItemSet Support %%
{1.23} 4 40
{13} 3 30
{14} 1 10
{1.5} [ -
{1.6} o -
{1.7} a 10
{2.3} 3 30
{2.4} o) -
2.5} [5)
{2.6} [5) -
{2.7} 1 10
3.4} [5) -
{3.5} [5) -
{3.6} 1 10
{3.7} 1 10
{4.5} i 10
{4.6} 1 10
4.7} [5) -
{5.6} o -
{5.73 1 i0
{6.7} [5) -

Continue to calculate the support and select the best answer

3
Item Set Support L
f1.2.23 3 30
Item Set Support
Milk. Bread. Ecas =3

(ii).Show two rules that have a confidence of 70% or greater for an itemset

containin
Step-1:

g three items from a(i).

S —

L2

Itemn Set | Support
1.2} -}
tA1.3 5 =]
12,31 3

Calculate the confidence and follow the rules of question in part(b)




sup{1.,2,3}

=2-60%<70% x
sup{l} S

R Conf.
%=%=75%270% =& Bread — { Milk , Eggs } 75%
By Eggs — { Milk , Bread } 75%
supil23) _2_-759%=>70%
sup{3} 4
Step-2:

In addition to the above rules, the following can also be considered, but in the
question only two rules are required for calculation.

sup{1.2.3} _ 3

=75 %=70%

sup{1.2} a R Conf.
sup{1.2.3} _ 3 _ o { Milk , Bread } — Eggs 75%
sup{1.32} 3 L6 =096 { Milk , Eggs } — Bread 100%
R { Bread . Eggs } — Milk 100%
sup{1.2.3} _2 _31009% = 709%
sup{2.2} EY




