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Outline of the Course

Cloud Computing & Big Data Introduction
Machine Learning Models in Clouds
Apache Spark for Cloud Applications
Virtualization & Data Center Design
Map-Reduce Computing Paradigm

Deep Learning driven by Big Data

Deep Learning Applications in Clouds

InfrastructureAsA-Service (IAAS)
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PlatformAsA-Service (PAAS)
10. SoftwareAsA-Service (SAAS)
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| 11. Big Data Analytics & Cloud Data Mining

12. Docker & Container Management

13. OpenStack Cloud Operating System

14. Online Social Networking & Graph Databases
15. Big Data Streaming Tools & Applications

16. Epilogue

+ additional practical lectures & Webinars for our
handson assignments in context

A Practical Topics

A Theoretical / Conceptual Topics
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Lecture Outline

A Association Rule Mining in Big Data A Promises from previous lecture(s):
. — .. A Practical Lecture 0.1: Lecture 11 will
A What is Association Rule Mining provide more insights into how the
: : algorithm works & how they scale for
A The On40Off project and the needs of the Retail Industry big datasets in cloud computing
A TheAprioriand FPGrowth algorithms environments
A Th hall f dh t th A Practical Lecture 0.1: Lecture 11 will
€ Challenges we lface an Ow 10 overcome them provide insights about using the real

A How this applies to the Cloud (Amazon SageMaker, Google Cloud M ~ datasetof the pieper perfume stores
and its big data mining processing

! T dZN\S a | é K 7\ y é [ S | N\y. 7\ y 3 X L,) challenges
A . f bel . A Practical Lecture 0.1: Lecture 11 will
Deep Learning for Label Generation provide more insights how to use
A Refresher: what is Deep Learning? configuration options in data mining

~ ~ n N , ) algorithms to perform fine tuned data
ACKS LINROGfSY 6SQNB GNBAY3I G2 &z2f{ anaysi

A Practical Lecture 3.1: Lecture 11

A CNNs, Residual Networks, and Transfer Learning provides more details on using
A Dealing with bad pictures and sparse data: Data Augmentation SESRITIIENGIES EUIUES & Hiel 20 B
] o ) considered as data mining technique
A Colour detection and classification A Lecture 5: Lecture 11 will provide more
.. ) details on data analytics techniques
A Data I\/Ilnlng In Healthcare using parallel computing for data

mining applications in Clouds today




Assoclation Rule Mining in Big Data



Association Rule Mining (1)

AMethodology
A Sometimes referredto as simply! @ a2 OA | 0 A 2y wdz Sa
A Used todiscover unknown relationshigidden in datasets

A Rulesrefer to a set of identifiedrequentitemsetsthat
represent the uncovered relationships in datasets

A ldentify rules that will predict theccurrence of one or more
items based on the occurrences of other itemgshe dataset

AApproach
AUnsupervisednachine learning methodgess

A No direct guiding output data is
given to find the patterns

A Several algorithms exito perform
association rule mining
(e.qg.,Apriori, FP Growth, MAFIA, etc)

[6] Big Data Tips,
Association Rules

v 4

A The discovery of association rules fundamentally depends on the discovefsegiient itemsets
A Frequent itemset means finding sets of items that appear in (or are related to) many "baskets"
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Associlation Rule Mining (2)

[6] Big Data Tips,

AFamous Example in Retail ] Big Data Tips,
Alllustrating a rule based on a strong relationship Djtems e

between the sale of Diapers and the sale of Beer  S==52 = “Uis
A Many customers who buy Diapers also buy Beer Tl e e T [ e
A Investigating the transactions to find those 3 {Milk,Diapers, Beer, Cola) transactions

frequentitemsetsseems to be easy 4 {Bread, Milk, Diapers, Beer}

5 {Bread, Milk, Diapers, Cola} ]
AChallenges

Aln real datasetsnillions or billions {Diapers, Beer}  Example ofafrequentitemset

of transactionsare searched {Diapers} > {Beer} Example ofan assocation rue

A Transaction search acro$80000 of different
itemsthat may identify1000 of rules

AAlgorithms Benefit
A Automationof the process using association rule mining algorithms.
A Rules help todentify new opportunitiesand ways forrossselling productgo customers
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The On40ff Project

: : .
ACommercial Environments B NIOLE project ON 4 OFF
A Large quantities of data arccumulated in %__/

databasedrom dayto-day operations
A Lays the foundation for mining association rules: [6] Big Data Tips,
no datag no association rule mining! Association Rules

ARetail Example

A Customer purchase dagre collected on a daily basis at the
checkout counters of city stores or when shopping at online stores

A Accumulated data items are oftenarket basket transactions

AMotivation to Collect and\nalyzeData

A Managers of stores are interestedanalyzinghe collected
data in order tdearn the purchasing behaviour of customers

A Enables @arge variety of busineszlated applicationdased on the
identified rules in the data (to be reviewed from store managers!)
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TheAprioriAlgorithm ( 1)

{Bread Milk
{Bread,Diapers,Beer,Eggs
{Milk,Diapers,Beer,Cojla
{Bread,Milk,Diapers,Begr
{Bread,Milk,Diapers,Cdla

AThe most commonly used algorithm for Association
Rule Mining.

AFor a given list of shopping baskets, the algorithm
collects a list of all items and compares their frequelZIN =TS

to the set minimum support value. ECo

}
eed |2
A After pruning the norffrequent items, the algorithm

builds twoitemsetsfrom the remaining items and — {Beer,Diapefs 3

Milk

compares their frequency to the minimum support _

{Bread,Diapefs 3
value. {Bread,Milg 3

AFrequent tweitemsets(achieve minimum support) are {D‘apefS’M"?i 3

then used to build threatemsets(if possible) with the

!
frequent oneitemsets and so forth.

A Apriori is the most commonly used algorithm for Association Rule Mining. {Bread,Milk,Diapefs 3
A It can create multiitemsets by iteratively going through the transactions.

g b~ W DN

Example Transactions and frequent Itemset generatiofgnori[8]
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TheAprioriAlgorithm (2)

[10] MLxtendLib, Association Rules

AUsing theApriorialgorithm to generate o o
frequentitemsetsfor association rules ¢ o -
IS as simple as implementing functions o
from the MLxtendmodaule. [9] ‘ B

Alnitially, a onehot encoded list is L s ———
created from the list of transactions,
then it is fed to the algorithm along with T |

a value fomin_support(in this case
0.01).

AThe generated candidaieemsetscan
range in size from 1 to-Kwhere K is
the total number of unigue items.

A MLxtend is an extremely useful python library for implementin
Apriori and other machine learning algorithms.
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