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Introduction and Data Preprocessing

Data rruru..n.ﬂ' is the process Df di.';l:overins u.seful Pa.ﬂ:arn.s , trends and kn.ow[zd.se. from. ia.rse.
amounts of data. Data preprocessing converts row data into a clean, consistent and

hish-q_ualﬁtﬁ fornw.t suitable far mi.m'.nﬁ.

Introduction to Data Mining

. Deii.m'.ﬁcm :
Data mining is the process of extrm:.ﬂng hidden , valid ,
novel , u..se.fud, and understandable patterns
datasets .

o Goal :

e Discover rn.e.a.mnﬁful patterns and relationships .

¢ Make predictions and support decision ma.ki.nﬂ_

e Extract knowi.edge fmm historical data .

s Datlo Ml'.nirn.a is the 5i:ep n me[edse. Dismver:.j in Dotabases (KDD) process .

fr-om [a..rﬂe

2. Data Preprocessing
 Definition :
Data preprocessing is the process of r:.onveri:f.ns raw data
into a clean, consistent and LLse,fuL formai for a.na.LHsi.s
and data mining .
* Importance :
* Improves data quality.
s Increases accuracy and effﬂcﬂema of mining a.lﬁorl'.{‘.hms ;
* Reduces noise, inconsistency and missing values.
¢ Steps in Data Preprocessing :

(1) Data Cleaning iy Hondle values , remove noise and
correct inconsistencies
Data. Data >, Data Pattern Knowl.’.dse. @ Data Inte‘am — Combine data from multiple sources into
Collection Przpmc.essmg Miru'.na Eveluation Presentation a consistent
@ Data Tra.n.r.fornmi'.i,on —>  Normalize or aggregate data into suitable
* Applications : @ Dato. Reduction —>  Reduce the size of data while preserving
e Business : Market analasf.s , customer segm.e.nta,tion, sales prediction . important information .
- Ba_n_k_f_n,s Fra,u,d_ dgtectf_onj c_red_d‘_ SCO'I'E.TI.S " TLSk g_n_a_lﬂs'm @ DCI.tO. Discretiza,ti.an — COH-\I“G"t ccnti.n.u.ous d&tﬂ. mto Cﬂi&ﬂorl‘-{:ﬂi
e Healthcare : Disease Pred.i.c‘l:i.on., Pa:f‘.ien‘[’. m.ani.i‘.orl'.n.ﬁ (discrete) values .
o Education Pe.rforrrw..nce prediction, student behavior a.nalﬂsi.s Data C[e.a.runﬁ' Te.c.hn.l.clﬁs-
s Others Web usage mining, social media a.runlysi..s, etec . B blam 3 W
e Data Mi.r'u'.ns Tasks : Mi.ssf.nﬂ Values Ign.on’. f;u.iole, fn.ﬂ. ma.mmua, use mean/median/mode,
= CLﬂ.sstft.ca.ﬁmn. a Sequenth:l Pattern. Mi.ru'.nﬂ . e Eigr iathes.
o Resr\e.ssa'.an o Oubliar Detackici Not.s& Data Sl'rl.oothfn.ﬂ* bu'.mﬁnﬂ, regression , cl'.usf:e.n'.n.s.
- Cf.u.ste.rmﬁ 3.k i i Inconsistent Data Data. validation, standardization .
» Association Rule Mizﬁ,na » Prediction Outliers Detect and remove or replace using thresholds .
In Shert :

Data. m.m.m.s discovers knawlgdﬂe. from. data , while data Prepmcessinﬂ prepares

"I-I’.B]'I.—Cllmuta data , which is a crucial fl:rs{‘. s‘!:ep fa:r su.r.ce.ssful data nur'l.m.s




, Need and Applications of Data l"h'.ni'.n.g°

Data. mining  is the process of d.iscoverf.n.s useful patterns, trends and knowled.ge.
from large volumes of data to support decision making and improve performance.

1. Need of Data Mi.ni.ng

si.onoiDaf‘.o.

Hidden Patterns

Be&erDeci.sianMa.kinﬂ:

Tun.e.andCoséSa.vinﬂ:

Improve Efficiency
Competitive Advantage :
Risk Reduction

Forecasting and. Prediction :

:Hu.aca.rmu.n{:ofdai:a.f.sgmﬁed

e.VGI"& dﬂﬂ fr‘om. various sources .

; Use-fui. mfor'm.aim is hidden in la.rse.

data and not visible throuﬂh manual
c.\.naJ.‘l_.fsi..s.

Helps orsu.n.c'.za.f:bm.s make data-driven
decisions with more accuracy and
c.on.ff.d.en.c.e.

Automates analﬂsz.s of la.rse. datasets ,
r'ad.u.r.'.i.n.s manuel effort, time and cost.
resource utilization .

Helps organizations understand customers
better and sfas ahead of competitors.

. Identifies potentiol risks and prevents

based on historical data.

In Short : Data mining is needed to convert large, complex

sk and raw data into meaningful knowledge for
better decisions, improved efficiency, reduced
risks and gaining competitive a.d.vanta.ae..

™y

2. Applications of Data Mining

Data mining is used in almost every domain. Some magjor

appl'.i.ca,":ion..s are :

'@ Business / Retail

Market basket a.rml‘tjsi.s , customer
segmentation , sales forecasting,
Pmd.uc.ﬁ recommendation .

Banl'tinﬁ & Finance

Fraud detection , credit ing ,
risk a.m:.lﬂsi.s, customer frOng p
loan approval Pre.d.i.ctt'.on.

Healthcare

Disease prediction, patient
monitoring , treatment analysis,
healthcare ma.na.gme.nt :

Education

:Sb;d&nﬁp&rfamarmlﬂsk,

dropout Pr'ed.l'.cﬁon, course

Telecommunications

: Churn prediction , froud detection

network opﬁnd.zn.ti.on , customer

sa..ﬂ.sfa.cﬁan analysis .

: Quaiﬂ:a control, fault detection,

Pr‘edi.ctl'.ve. maintenonce , demand
foreca.sﬁnﬁ :

Web usage rrl.uu.ns,soa,almed.m

a.n.aJ.Hsi.s , weather Pre,dictl'.on ,

aﬂri.cxdi‘.ure. , lnsurance , etc.



Data Minigﬁ Functionalities ).

Data mining func.ti.omi.i.ﬂe..s are the major data mining tasks that discover useful patterns and
knowl.ed.ge. fr‘om La.rge datasets .

No. Functi.omufg De.scri.pﬁ.on Exa..mpf,e.
@ @ @ !f; 'ﬁ\‘ Characterization Generalize the ge.n.e.ra,[ Pr-cpe.rtf.as of the data E’i"’.ﬂ‘L"& Find the common Frofi.i.e. of
@ 0 l'\,___@j/' (Summarization) in a target class . hiﬂh'Vﬂ!‘-‘-ﬁ customers .
@ ] — A A Discrimination Compare the characteristics of a fa.rset class E"-_"*’I“J‘LLE: Compa.r-e. the buﬂin.s behavior of
@ ® @
A A (Class Compori.son) with other classes . I'.oldol customers and non- Lob-a.l. customers .
@ * ® Association Rule Discover r-ela.ﬁon.ships or associations among Ex%la: Customers who bu.b- bread also
.2 ol . Mining ttems in large datasets. tend to buy buter.
@ il—"‘| B ‘_.b c Sequmhnl Pattern DE&M‘T‘ fr-egue.n‘(‘. sequences or ordered Pa.&arns EMLE' v A mﬁan:ter fu'.rsf buﬂs n'l:cbﬂaaS,
— Mmm,s over time . then bu.:ds accessories , then buﬂs insurance .
@ ’_,f“‘\ g gres Di_w',,d.e. d.a.i‘_a. Lr'L{'.o SI'DI.APS (G!u.sfe.r‘s) .Su-d"L ﬂlﬂi‘ E_x_a,.r&: Gmu,P c.u,stomr.s Ln..h:l cLJ..ster.s
5 .'j-{"O .‘}--{’00‘ Cl'.u.s‘l:e.ri.nﬂ data within a cluster are more similar to b e .9 hasing i,
S2e Ner each other than to those in other clusters.
“_.’ Regr‘essi.on Pl smdbvasas o veebovalied bbbl Exa.rr_'t,El'.z,: Predict the fui'.ure sales amount
& based on 'oa.s{‘, sales data .
© O—<O Clagsification Predict categorical (discrete) class Llabels . Example - Predict whether a customer will
Q huﬁ o Pmd.uc.t or not.
ﬂ Anom.a.’.a (Outlier) Id.e.nf::.fs rare items , events or observations that Exa.n_mEIe ¢ Detect unusual credit card
A Detection do not conform to the general behavior. transactions (fraud detection) .
@ Evolution [/ Trend An.a.LHze c}mnﬁe.s and trends in data over Exﬂ[e. : Analazz H‘lOI’LthfL‘Ij customer gmw{:h
J An.aJ.H.si.s time . or sales trend over years .
In Short : These iu.nd:wrmh.has "l.ELLP Ln ex.f:.ra.c.{‘.in.ﬂ valuable kn.owled.se. from data and .su.ppor-{ better

decision mkm.g in various real-world a.ppLim‘h'.on.s.




_LTEiPe'S Of Data in Data Mi.n.ini

Data mmm.g Ls a.PPU.e.cl on d.iffe.re.n{', tapes af data . The nature and structure of data
determine the m.u'l.m.s tedmique.s and the kind cf Pai‘.‘[‘.e.r‘n_s that can be discovered .

Sales over months / years

3;. THF""’ of Data De.scrLP{'.t'.on Exa.m.F[e_ﬁ Characteristics
1 Relational Data stored in tables (rows and Customer table, Sales table, Structured
: Da.‘ba. c_gi_m) with a f*-""*d- schema . Product table in RDBMS Eo.s!j to store and query
Data in SQL databases Most common in data mining
2 Multidimensional | Dote organized in multidimensional Sales by time, region, product [T =
' Blodas structures (cubes) for' c\.rmlﬁsi.s Data warehouse / OLAP cube Fast aﬂgruﬂa.ﬁon and summarization
across rrml'l:i.pl.: dimensions Useful for decision support
. Ti - stamped
5 Transactional Daota that records transactions Bank transactions Lm - LPE
3. Purchase in simppbms carts SO Mo
Data or events . Web w Used for association, sequential
pattern mining
: . Unstrictured
nstruc in orm ’ ’ i j y
4 rsbradil-ed duka .- Ermails , documents , articles s ¥
; Text Data Customer reviews, social media qure_-‘. chniques
natural La.n.ﬂuaﬁe text . ¥a Useful for text minin g, sentimer -
pes :
WI-Q-LHSL.S
: o & CCTV  videos, satellite images Requires image / video processing
) Product uﬁa,ae_s Used in Pnf.te.r'n re.c.osni.{:bon
6 Data in the for'm. Gf Eniwid Voice recond.f.nﬂs Unstructured
! Call center conversations Requires si.sm.l. processing
or speech . ; i
Spee.ch cormmand.s Used in .spe.ed'l. recuand:wn.
F Graph / Network Data that represents entities Social networks Highly ccn.ne.c.t_ed _
' N as nodes and relationships as Web Llink data Cossplac sialatiosnetdpe |
DCL'!'.O. ed.ge.s Cis - ki riabiooiles L!s.e.d. in social network mx:,ld_su,s :
link prediction
8 732 Time-Serias Data points collected or recorded Stak prices over time Time ordered
f 18.6 ¥ D e i LT Sensor readings, weather data Shows trends and seasonality
-5.4 & ata :

Used in trend analysis , forecasting

In Short :

(transactional , text) or

the type ofd.a.!:a.i.se.ssmtialtocl'wose.theriﬂh.{: mining techniques .

Data in data mining can be structured (relational, multidimensional) , semi-structured
unstructured (Lm.a.ge., audio , smph., time - series) . Und.zr'sta.n.di.nﬂ




Data Preprocessing : Data Cleaning, Data Integration

Data Preprocessinﬂ converts raw data inte a clean, consistent and Entear'ai:e.d, for‘m suttable for
accurate a.n.aiﬂ.si.s and data mt.ru.n.s

ka

Data Inf:e.sra.ﬁon

—>  Definition :
Data. integration combines data from multiple sources into a consistent
and unified view .
—» Need :
» Provides a comprehensive view of data. .
e Helps in better decision making .
+ Eliminates redundancy and inconsistency acress sources,
—  Sources rJf Data :

1. Data Cleaning

— p‘eiinu:ion:
Data cfza.ru.nﬂ is the process of Ld&rl-t&f&'brl.s and cor-r-e.c.ﬁnﬂ or removing
inaccurate , incomplete , inconsistent , noisy and duplicate data. .
—> Need :
¢ Improves data quality and r-e!,«,a.bl.l.l.ﬁb-
» Increases accurocy of analysis and models.
¢ Removes noise and inconsistencies in data .

— Common Problems in Data :

Sales Customer External
g Wi | g | Bt | e | i
fae ollhss M/F ID | Name '\ I
= % .f":' . Male 101 | Amit /
30 e FE;ALE 101 | Amit Integrated Dato.
28 (Unified View)
Example : Example : Example : Example : — Data Integration Tasks :
e Ls rmissi Incorrect or Same mformm‘.‘ Same record Volues
by -, g . 2 ¢ Schema Integration —  Matching attribiles , resolving schema. conflicts .
for a rg;m-d.. r\andnm data. . md.l.ffq.nenﬁ woﬂs d.PPenrﬁ aﬁlm normal r‘r.m.ﬂe._
\ © Enhts Resolution o Idanﬁfbwnﬂ the same real-world en.ﬂfa
. Mt i MewroiFedion  Mode . Toder . . Ccm.si.s‘l:e.n.cﬂ Check — Ensurins data follows business rules.
el Rkl i, <& gk R e o Dote Transformation —  Converting data info a common format.
. Sm&;.ne Nm'_ss Data - Bmm.n.s ! Resre.ssfan, Cf.u&f.er'bnﬁ , Filters . Ex "
* Resolving Inconsistencies —  Standardization , Data type conversion . e . " Tntmgraied Duie
R . s g oozl i Soles DB Custormer DB Web Data
* Removing Dupl'.ma.f:e.s — Duph.caf:e. " removal . ; _ Z : Cust_ID | Name City
+ Detecting and Handling Outliers — Using statistical methods or domain knowledge . SRLER Lo (O 1 5 [ M| TG || SaBimen R o el Rahul | Pune
1 Rahul | Pane || 1 | Rahul | Pune Neha | Mumbai 5 W | e
2 Neha |Mumbail| 3 | Amit | Delhi Amit Delhi 3 _— Dalhi

In Short : Data clwu\ﬂ improves the 3ual.|.£3 of data l:H removing errors
inconsistencies and noise, which leads to better m.u-r.ms results . In Short : Data erf:a_ﬂraﬂon combines data fr-om d.:.fferw.f: sources and provides

a u.m.fw.ci and consistent datoset for ana.lﬂsf.s and rrwxﬁr




Data Pre.Eroce.ssi.rl.g Data Tra.ns{orma{:a.on Data Red.uctt.on

Data f:r-a.n.sforma.fmn converts data into a suitable form. fo mining . Data re,d.ucﬁwn reduces the

3. Data Trqnsforma.ﬁon

Definition : Data transformation is the process con L data from
P wa:ﬂnﬁ
one form.ni or structure inte another appm_pr'ia.ﬁe. _;c.-r-rn.a.t for

Need. :

* Improves the quality and consistency of data.
OConMsdafamfoafamsu&hbleforcnﬂiﬂ.ns
s Handles h&éamse.ruﬂ:ﬂ in data .

Common Transformation Techniques :

(1) Smoothing
(Ramaw'n.s notse )

After

(2) Normalization | Before (Age) | After (O to 1 scale)
(Scaling data) |10 [ 25 [ 40 [ 70 [ 90 _}|o_oo | 049 037|075 | 1.00 |

Daily Sales

Aggregation
@ g3meg
o Doy | Sales (3) Weekly Sales
Summarization
¢ ) 1 1200 i
2 1100 Week | Totol Sales (%)
3 1300
3 1304 Week 1 4850
@ A&"Lb“&‘_ £ Faaturn Existing Attributes New Abtribute
tonehuption Length (cm) | _Width (om) | —> | Area (em®)
(Creating new ottributes) T € e —
®) fgmum},am [ Specific Data | 1 [ Guasralised Didks. |
Concept hierarchy) Pare, Mumboi, Nagpur,
Neshik, Aurargabest ‘ | Meharashira |
@ Discretization Continuous Age | Discretized Age |
(Continuous to discrete) | 22 [ 27 | 35 | 45 | 52 | 7 [120-30 [ 3140 | 41-50 [ »50 |

In Short : Dﬂfﬂbwformﬂm standardizes and converts data into the
required format to make mining more effective and efficient.

4. Data Reduction
De,fi.niti.ou :

Dqtamduaﬁmnmﬂmpmmssofmduwmgﬁh&wlmofdafawﬁd&
maru.vm.z:ns the loss of im.Por-{:m{: &Lform.aﬂon_
Need :
* Reduces storage space requirement .
| . Speeds up data nmu-.g a.f.ﬁorl.f‘.km.s
| o Eliminotes irrelevant or redundant data .
'Hakesdatamhrfavisuu.&zgand.malﬂu.

Common Data Reduction Tuknique-s :
@ Dimensionality Reduction Example :

|

|

|

| Red;mﬂwmmbervf . . ;

|
|
|
|
|
|

@ Nurrterosifs Reduction Eﬂ&:
Reduces the number of records.| Fo., 1,00,000 customer records —» select 10,000
naPresmfnf:Lw records

. Sa.mpb.nﬂ . Hisfosrums ° Chuferf.ns
® Rssms;.m o Data Cube Assmsaiwn.
| Data Compression E : ),

@ Discretization & Bm.m.nﬁ _EmiLEE :

(Snal: ‘12,500] 1a.zoalzz,uool 48,500 —> Lo Medicm, High
(<20K) (20K — 50K) (>40K)
12,500 ] 18,200 J 25,000 l 32,000 ‘ 48,500
(5) Data Cube Aggregation Example :

Aasmsa}.e.sdnhhdatmmbes. Dmlﬂsdesdaia—)aﬁsmgn&edfomanﬁ“ﬂsnﬁasdﬁfﬂ

In Short : Data reduction reduces the size of data 1:43 removing or summarizing
irrelevant data while Pmservu-l.ﬁ thorfant mfamuﬂ:wn .‘.ead.utﬂ to
e.ffw.:.mt .sf‘.an:.se. and fa.sf‘.z.r muunﬁ




. Introduction to Data Warehouse |,

A Data Warehouse (DW) is a centralized reposi.torﬂ that stores f.ntesra.{:ed. z subject—oriented .
time-variant and non-volatile data to support management decision W‘LGJ\‘.I:H-S‘

What is a Data Warehouse 7

Data. Warehouse s a La.rse collection n’f historical data
that is extracted fmm multiple he.tarose.rmm sources ,
htesra;bed and orﬁm‘ﬁ.zed for eﬂidmf qmral'nﬂ, G.n.alﬂsf.s-

and repoﬂ:ing to su.ppor'i: decision rna.k:.ne

Characteristics of Data Warehouse

® Sul:{iec.t -Oriented
® Inl:,agra.{ed.
¢ Time-Variant

s  Non-Volatile

Need for Data. Warehouse

Dr‘scmized. around. rm:ﬂcr su.f:a'e,c.ts Like

customer , product, sales , etc.

into a consistent fcrmad:.

: Data is associated with a time element
(e..g,, daily , monthly , le.ﬂ)
Once data is loaded, it is not updated

or deleted , on.hd appended.

* To support strategic decision making .

e To provide historical and summorized data. .

¢ To integrate data from different sources.

* To improve data quality and consistency.

* To enable fast and efficient querying and reporting .

In Short :

A Doto Warehouse provides a clean, consistent and
integroted view of dota from different sources to help

orgn.nizu.ﬁans mlsu post Purfm and moke

better future decisions

4 Arc}jil‘:ecture. of Data Warehouse

Metadata
Data Sources R ;
fmmmm e s R End Users
I ‘ I Data Marts == =
| Operational | " I i e . - ]t !
Datibnass — | |
i | et - i @ Sales Mart | ""'I I_H_E_Il E
i | ! :
! Flat Files / i—p * E"T“t T ! | | MetE |
| Spreadsheets | —_— ata = PMMI _,,l . |
]| i * TronSiores Warehouse ! @ | I 6 :
1 Bbusai l E } | Ml |
= Swrces ||+ Loed | ) i s} | |
o 1 50 : o1 e
[l 7 e W] J P — J : |

5 . -C_QTI"LPDI'LE'.I’L{'.S Of Dﬂiﬂ. _WG.I"E'J'I.DLLEE

e Data Sources

Opera:tioﬂal DBs , file.s, external sa-sﬁe.ms, web data , etc.

o ETL (Extract, Transform , Load) : Extract data — Clean & transform. — Load into DW .

¢ Data Woarehouse
s Metadata Repnsi{:ora
¢ Data Marts

e Front-End Tools : Tools for r'apurﬂ.ﬂe, OLAP,

6. Be.ne.fi.{:s of Data Warehouse

@ Imprwad. decision ma.kl.nﬁ

Central repository of integroted data .
Stores information about date (data about data) .
Dﬁpa.rfmnl‘.~ wise subset of dota warehouse .

a.na.[.ﬂsls, and data nu'.n.inﬁ

® Historical data fm' trend a.n.a.Lasis

¢ Better daota qi,uu.ln.ts and c.on.ﬁl'.sfe.nca ¢ Reduced load on ope.mtionai systems

-Fa.sfa.ndmamsstodn.ta

o Supports OLAP and Data Mining.

| Example -

ﬁ@ﬂwm{h&l&dﬂhfﬂmw&ﬁphmw&&m,
M,mm.m;ﬂ&hamm.

Mwwgusmwulﬁumtm.mhmw,




. Difference between Data. Mining and Data Warehouse _,

! Data Warehouse stores and manages data ,

L u.se.fui, pai:ﬁe.rns and. kn.owle.d,ge..

whereas Data Ml.n.m.g am].aze.s data to d.a.sc.ove.r l
|

" : : i
1 Date. Warehouse is a centralized repos{,{:cra that Defm.utt.on Data Muung is the process of a.rw.lﬂzmﬁ data te
stores Lntasm{:ed. data from mulhpl'.g. sources . extract u.seful. Pa&e.rru and knowledge. .
It is used fnr storing , managing and retrieving : It s used for discovering hidden patterns, trends
2. data for- rcPor{:mg and decision ma.kuaﬂ P rumary P""'rPo‘r'e' and m[n.t‘:mnsl'u.ps in data .
3 It rn.a.a.nlﬂ suppar{s d.ea_f.m 5u.;:poo*£ 53st (DsS), Miin, il It rna.mlbn 5u.PPor{:s k:rwc..uled.se di.:...cwera, pottern
rgpov-hnﬁ, OLAP and business m.te.!lasm rq-.;:osmfm and. prtd.mi::.ve. analﬂs;s.
It stores Ln.rge. volume. of historical and current I It works on current os well as historical data stored
4. data . Data. Ne: in dato. warehouse .
5. Data Warehouse is o data si:orn.se. s&s{:e.rn_ Function Dota Mu-un.g is a data a:wlﬂsi.s process .
It organizes data. (Extract , Transform , Load) 3 x z It u.nolsze.s data using various algorl'.ﬂwu and
It s sul::je.c.ﬁ—ori.mte.d, Lrtte.sru.f‘.e.d, time - variant i It may work on o subset of data and results
7. and non-volatile . Characteristics in palterns , rules or models
It s & Pre.requ.i.si.{:e. for data rmmns ( Provides = - LI s Performed on. data stored in data warehouse
B | Ralsbionahip - |
q Data Warehouse handles structured data T Dat Data Mt.m.ng can handle structured , semi-structured
" | Cmainly relational) e R and unstructured dato. .
10 It is rrm.d.rdﬂ handled bﬂ d.a.to_bn.se. administrators Per fm‘ l BH I is Pcrf?rmd. by data a.rwiﬂsts , data scientists
and data warehouse :.peaal.usﬁs and domain e.xperts
11 Ex.a.m.'nle.s‘. Teradata , Oracle DW , Mn.c-.rascf‘f: E i E;(.a.rnf:[z.s Cl'.a_ssn.fuca.{u.on, Ch;s{:e.r«'.n? , Association Rule
SQL Server DW, etc. f Mining , Prediction , Outlier Detection , etc.
12 i d el r new knowledge ou.{'.Pl.-l-'t It discovers new knowledge , patterns, rules, models

In Short :

Data Warehouse is about 5{:or-i.n.9 the r-i.sh{'. data .

Data Mi.ning is about fm.d.mg the ri.ﬁht informa.ti,on fr‘om the data .
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. Association Rules and Classi

fication ,

AS—SOC&OJ&W’\. R.UJ..E_"- O.-I"ld. CLO.SS&{LCGLLDN. are {:wo Lrn-POY"!'.O.I"L{'. Ma' MU'I-I.!'LS 'EG.Sk—": A-S-SOC[O.tLOI"L RLLLE-S l‘LELP
while Classification predicts the class or category of data.

find relationships

among items ,

1_.' Freciu.eni Patterns and Association Rules
| Eromple © {Bread , Butter} = {Milk} |
Confidmu(x =Y): PruPorh.cn nf transactions ca\fnmb!.& X that also
TID Ttems Purchased Item | Support Count |  Support
T1 | Bread, Milk, Butter Bread 4 4/5 = 0.80
: Milke 4 4/5 = 0.80
T2 | Bread., Dinper:; Boy E5Q Butter 2 2/5 = 0.40
T3 Milk , DmPe.r , Beer , Coke Diaper 4 4/5 = 0.80
T4 Bread , Milk , Diaper , Beer Beer 3 3/5 = 0.60
T5 | Bread, Milk , Butter , Diaper Eggs 1 1/5 = 0.20
Coke i 1/5 = 0.20

Step 2: Frequent 2-itemsets (min support = 0.4)

Step 3: Associabion Rules (min confidence = 0.6)

{Bread , Milk} 3 3/5=0.60 Yes {Bread} = {Milk} 3/5 (0.60) | 3/4 (0.75) Sh-onﬁ

{Bread , Diaper} 2 2/5=040 | Yes {Mik} = {Bread} | 3/5(0.60) | 3/4 (0.75) | Strong

{Mille , Diaper} 3 3/5=060 | Yes {Bread} = {Dinper} | 2/5(0.40) | 2/4 (0.50) | Wealk

{Bread , Butter} 2 2/5=0.40 Yes {Dmpsr} =+ {Bread} | 2/5(0.40) | 2/4 (0.50) | Weak

{Diqper , Beer} 2 2/5=0.40 Yes {Milk} = {Dmpe.r} 3/5 (0.60) | 3/4 (0.75) Sl:nme

{Mille , Buiter} 1 1/520320 | No {Dinper} = {Milk} | 3/5(0.60) | 3/4 (0.75) | Strong
In Short : Frsctum!: Po.!:!:arna are. itemsets that appear fracluul.ﬂﬁ in. the database.

Mmmmsmﬂammmtoiﬂmw

_2__. Cla.s.si,ficcx.i:i.on

— Exomple : Clossify o customer as "Buy” or “Do Net Buy” based on features.

Training Dota (Labeled) Classification Process
Income T Data

1D Age | il " Bl Shdect Lf‘xp ‘ "Ew's x ‘

1 25 35 No Do Not Buy |

2 30 50 No Buy

3 22 20 Yes Do Not Buy Learn. Model

4 | 35 70 No Buy Ga/y PDaciiion. T,

5 | 28 45 Yes Buy g Boyes, ot

6 | 40 80 No Buy |

¥ | 24 25 Yes | Do Not Buy

8 33 60 No Buy

Example using Decision Tree (simplified)

Yes

|DuNoEBu.b.‘ [Douue&%,]

[® ]

| New Data, (Unseen) ]

Predicted Class
(Buy / Do Not Buy)

In Short :

Chssif@ﬂonbuﬂdanmddfmmhbehddﬂhbpmd&;ﬁlh&du&nf

mrmrds.Iﬁka&lyu&eihdzd&bnnmﬂnﬂ,mzd@ldinsmﬁs,
email spom detection | customer churn prediction , etc

-



~ Basic Concepts of Association Rule Mining

Association Rule MLn.i.ng is used to discover i.ntere.si:i.n.g re.LaiLOn.shLPs and co-occurrence Pa:btern.s among

in l.a.r'se transactional databases.

items

1. Tronsactions and Itemsets
—» A transoction is a set af ttems buuahi‘. or nc.cu.rrl.n.sl 'bnae.ﬂu!r.
—> An itemset is a set of one or more items.

Exa.mple. $
TID Ttems Purchased Ttems = {Milk, Bread, Butter, )
T1 {Milk , Bread , Butter} Diaper, Beer, Eggs,Coke}
T2 {B,md‘[).;ai,e.., Beer , 5995} Example Itemsets :
T3 {Milk , Diaper , Beer, Ccke} 1-itermset : {Milk}, {Bread},...
T4 {Bread , Milk , Dioper, Beer} 2-itemset : {Milk, Bread}, ...
5 {Bread , Milk , Butter, Di.a.pei 3-itemset : {Bread,Milk, Butter}, ...
2. Support
—» Support of an itemset is the proportion of transactions containing that itemset.
] e ) E le
Support(X) = Numberof tringaci Im_m datacet (5 transactions)

Total number of transactions |
) Support({Milk , Bread}) = 3/5 = 0.60

(Appears in T, T4, T5)

]

|

A threshold specified by the user |

Only itemsets with suppert = min_sup are considered fl'aquﬂ'd:J
o S ¥ d L

3. Confidence

— Confidence of @ rule X = Y is the conditional probability that a transaction

containing X alse contains Y. Example :
Confidence{ {Milk , Bread} =+ {Butter})
Suppert(X U Y _ Support({Milk , Bread , Butter})

Confidence(X = Y) =

4 . Association Rule

— An association rule isan i.rraplica.ﬁ.or'.o‘ff:l'l.e.form X =Y, where
X and Y are d.i,s:joi.ni: itemscets .

Antecedent |
(@.9]

Con.sequsnt

(Y)

Example :
{Milk , Bread} => {Butter}
(If a customer buys Milk and Bread, then he is likely to buy Butter )

o

Lift (Interestingness Measure)

— Lift measures how much more often X and Y occur together than
if they were independent.
' Confidence(X = Y)
Support(Y)

Exomple :

Support({Butter}) = 3/5 = 0.60

Lift({Milk, Bread} = {Butter})
- 0.67 /0.60 = 1.11

y 4B | v ™

Positive correlation (more likely together) :
Tndependant :
Negative correlation (less likely together) |

Lift(X = YD =

o Lift>1 —
o Lift =1
o Lift<1 —

i

/
|
|
|
|
|
|
|
“

6. Process _of Aisaci.aii.on__kul._e. Mi.n.i.ng

Transaction

SupportCXD Support( {Milk , Bread}) ’ . 4 Sheongy /
= 2/3 = 067 (Appears in T1, T5) e i ;““l“‘"t —5 | Association Rules | 3 I"*;z*'"‘ﬁ
- temsels " -
rMer.mm Confidence (min._conf) : ] @ e ] 3 (Using min_conf) o~
: A threshold specified by the user . . | Using min_sup J lIEIu”
| Only rules with confidence 2 min_conf are considered strong. |
In Short : e Find itemsets that oceur frequently (high support). Applications :

e From these, generate rules with high confidence .
» Evaluote mber'&sﬁl.rl.gn&ss using measures like Lift.

These rules help in decision maoking, recommendation, cross-selling, maorket basket analysis, etc. |

s Recommendation Sudstcms
* Market Basket Analysis
* Web Usage Mining

s Cross-selling and Up-selling i Thvend M b, ake.




o Classification and Prediction_.

Classification and Prediction is a data mining technique that uses known (labeled) data to build a model
which can be used to pre.d.ld: the class or value of unknown (unseen) data.

1. Classification 5. Example of Prediction (Regression)
+ It is the process of learning o model from Llabeled (training) Training Data (Labeled) ( Regression Model
data. to predict the class label of new data. = = - (Linear Regression)
e The pre.di.c.fe.d. value is ca.i'.e.ﬁgr'tpal (discrete). (sq &) R -9 Agl(of ) (F in lakhs) Price
CF in Labtha)
l Exwl& : CLn.ssi.fH an email as "Spn.m." or “Not SPa.rn"_ ] 1000 2 10 25 100
v ' n = o ) 1500 3 15 38 80
2. Prediction (Regression) 2000 3 20 55 &
e It is the process of learning a model from labeled data to 2500 4 15 63 40
Precﬁcf a continuous (numeric) value. 3000 5 10 80 20 .
i The predicted wvalus is gifESEtenl. _S N 0 000 1500 2000 2500 3000
Exmlﬂ 1 Predict the price of a house, ) House Size (sq ft)
| sales amount, temperature, etc. SEi=o : =

The model learns the relationship between featiures (size, rooms, age) and price, |
and predicts the price of o new house.

3. Process of Clossification and Prediction

| Collect e T EETETR Uis WL /|
Pﬂ"
Bk i 5 o |_’ Model | for Predicti 6. Important Terms
: @ tPresa s ‘ aﬂ [ |Ji’ﬂ | @ * Labeled Data ¢ Data with known output (closs/target).
L ; \ « r 4 o d ) s Training Data ¢ Lobeled dota used to build the model.
. pe .. AN N T oS Y 7 T TTeTT o Te Data Y data used to evaluate the model.
4. Example of Classification r Glingsiftrobibn Model “1' est . e : = b
T 0 ! (Decision Tree) | s Model ¢ Representation of patterns learned from training data.
P = = Wiy [P Tl : - S— i s Class Label ¢ The target category (e.g., Yes/Ne, Spam/Not Spam).
Outlook amparature wmidiby Licind Outlook?
1 Hot o No I [;. ) : » Feature / Attribute : Input voriables used for prediction.
) 1-9 : fﬂx i ¢  Accuracy ¢ Measure of correctness of the model.
2 Sunny Hot High True Me : [s 5 | Rai ] i
3 | Overcast | Hot g | Felse | Yoo gl ! | | | 7. Techniques Used
s Rw Mild High False Yes i [H ‘I'-?-l we I Windy? | : . -
z R“f“‘{a' $ :m‘ml l:u,h-e ‘::: | 77 /_'_\ i Classification Technigues Prediction. (Regression) Techniques
{Mtﬁ' q'"‘ﬂl rLLE £ i
7 Overcast Cool MNormal True Yes H‘fh M |. TT_ Fni"‘ | ® Decision Trees s Linear stﬂu—.sian -
. L= 2 P = F ! * Maive Bayes ; e Multiple Regression “/.{./
8 S Mild Hi False Ne I [ ]
“""3 gh ! I—i!' { ‘!-4._ |iJ |lu_ i ® k-MNearest Neighbors (k-NND * Regression Trees &
N e i s e o Support Vector Machines (SVM) o Support ‘Vecker Regressien
Here, the model learns patterns from the training data and can classify I . Nabristr o ake: s MNeural Networks, ete.
new records (e.s., whether to play tennis or not)
In Short : Classification predicts categorical labels (classes), while prediction estimates continuous values.

Both use historical data te build models that can be applied to new, unseen data.




o— Decision Tree Classification —e

A Decision Tree is a flowchart like structure in which each internal node represents a test on an attribute (feature),
each branch represents the outcome of the test and each leaf node represents a class label.

1
%

—

o

2

What is Decision Tree?

It is o supervised learning technique used for classification.
Itrwshml&,:urﬁﬁ.ansth&d.ntﬂ.irﬂ:osubsztsbas&don
feature. tests.

The result is a tree structure that is easy to understand
and can be used for prediction.

Structure of Decision Tree

Root Mode

Intarnal MNode :

Leaf Nade

:Rnpr-unkltl\nanﬁrl.
datasat.
Represents o test
on an attribute

: Represents the oubcome
of the test

: Represents the class
label Cdecision).

o) (e @] [

3.

il
=]

I |+ Repeat the process recursively for each subset.

How Decision Tree is Built?

= Select the best ottribute thaot best splits the dota.
Cuning measures like Information Guain / Gini Index)

Split the dataset into subsets bosed on the values
of that attribute .

Stop whan all records in a node belong to the same
class or no more attribubes are laft.

Exu.mpiz Dataset

: Outlook T Hummidity Windy | Play Tannia

1 Sinaij Hot High Falaa No

2 Sunny Haot High True No

3 Ouvercast Het High False Yes |
& Rainy Mikel High False Yes

5 Rainy Cool Morrmal Falze Ye= |
L] Readny Caal Neormal Trus Ne

7 Overcost Cool MNarmal True Yeu

8 Sunny Mitd High Falze No

9 Surry Cool Merrmal False Yes

10 Reimyg Mildd MNormal False Yes

In Short :

5. Atbribute Selection Measures
* Information Gain (ID3, C4.5)

1551

{ Information Gain (S, A) = Entropy(S) - 3

|
% Entropy(S, )

vE Valurs{A) 151
Where.,
5 : set of troining examples
A : attribute

S, ¢ subset of 5 for which attribute A hos value v
]S‘l:ru.llnhzrufquﬂuins
Entropy(S) = —Zp‘ log (p.)
=i
€ ! number of classes, p ! proportion of class i in 5

* Gini Index (CART)

[ e 1 = 3 (o’ }

Atrilie SO highast Informotion Goin:

wlﬂmlﬁwlﬂ.daxnsmforspld.

6. Building the Decision Tree
Using the above dataset (Play Tennis)
Step 1 : Choose the best attribute for Root Node

Information Gain is caloulated for all aitributes.

|

o 246-_ == Outlock has

Temperature 0.029 In . Gal

Humidity 0.151 — Choose as
Windy 0.048 Root Node.

Step 2 : Split the daota based on Outlook

We get three subsets: Sunny, Overcast, Rainy.
Step 3 : Repeat the process for each subset.
Continue wntil all leaf nodes contain records of
Oﬂlﬁ orne dm.

Decision Tree Chssifmibnbﬁlﬁuhebﬂmﬁwjﬁspﬁiﬁnﬂkh@dﬂhmﬂmbﬁsﬁq&rﬂbuﬁ.

It is simple, powerful and widely used for classification and prediction tasks.

h S r

7. Final Decision Tree for Pba.y Tennis

8. How to Classify New Instance?

o SRS oot nodel

— Follow the path bosed on the attribute volues of the
— Reach the leaf node — assign the class label.

Example (Outlock = Sunne, Humidity = High, wu\nf.a = False)
Path : Outlook — Su.nrl‘lj - Humid,itﬁ — H'tsh. —+ (Class = No
9. Advm'\.tu.se.s

Ensy to understand and interpret.
Non=parametric (does not assuma any distribubion).

X N NN

10. Limitations

Con be unstobls Comall change in: dota may chongs the tres)
May create overfilting if tree is too deep.

X Greedy opprooch — may not always give optimal tree.

.Crcdi.tri.skunqiﬁsi.;
® Spam detection _ﬁﬁ:ﬂ

x X

& Medical diagnosis
¢ Customer churn prediction

. R:nuﬂ.dinﬁmsia, etc



o— Bayesian Classification —.

Bayesian Classification is a probabilistic technique based on Bayes' Theorem.
It uses prior knowledge (prior probability) and the observed data (likelihood) to compute the posterior probability of each class

mdmisrut}\zmﬁmcsﬁoﬂmc[n_ss

with the hi.shesf. Posi:er‘i.or Pmbn.bi.l.i.ty.

1. Ba.ye.s' Theorem

2. Naive Bﬂﬂes Assu.rnpﬁan.

3. Classification Rule 4. Types of Bayesian Classifiers

| i i
| | |
. . . N | [} I
Bayes' Theorem is given by: { Noive B ifier that sl atbribad ) Assign the instance X to the class Cp for which | * Gaussian Naive Bﬂﬁ“"
P(C|X) = M i are conditionally independent given the class. i PCC | XD is maximum. E =5 - : ﬂﬂ! ; f
PCXD : i : normal (Gaussian) distribution
Where , i
" 1 P(X | C.) P(C i 4 s S
C : Class (hypothesis) i Thea; i P, 1 X) = O 1 %7 PLG E *  Multinomial Noive Bayes
X : Data (attribute values / features) } = ! PCXO : — Used for discrete data such as
P(C)  : Prior probability of class C i POX;, Xy, Xy 1 © = [ POX 1O | | i, “coints. Chast elisaifeabion.
PCX | C) : Likelihood (probability of X given class C) : i=1 [ Si PCX) is or all | . -
P(C|X) : Posterior probability of class € given X i ] ) P(Xfl Y PCCL) | * Bernoulli Naive Bayes
P(X)  : Evidanca (probability of X for all classes) | |  Where X,, X , X, are attributes. i e e Gk ke | — Used for binary / Boolean attributes
5, Example — Play Tennis Dataset | 6. Likelihood Caleulation f. Posterior Probability | 8. Algorithm (Naive Bayes Classification)
i) o.mmu|TmP. Humzlity | Windy | Pl Tannis | For class = Yas (6 racords) i For closs = Yes - : BT o S
1 | Sunng Hot | High [{ Falsa No Gl ; || Adtribube | Volue | Count | Likalihood PCX, | Yes) | | PCts | X) = PCX | Yes) P(Yas) i G S
2 Sunny Hot High True Ne R~ ot | | Oublock | Sunny 1 1/6 = 0.167 i = D.006%94 x 0.6 = D.004164 i l
Outlosk = Sunny, Temp = Coel, T fo] 3 3/6 = 0.500 | . | . =
3 i l‘lIIP 8
3 | Overcast | Hot High False Yes . - Hgh, Wind = Trus i o : A I ., ' Compute prio- probabilities PCC,) for
& Rain Mid High False Yoz predict PlayTennis ? | * o i ! 7 | cach class Cy
4 _— | £ e L L ] | iy Trin 1 1/6 = 0.167 | | P(No | X) o PEX | Na) PCNo) 4 - — —
= 0.0625 x 0.4 = 0.0250 |
: || POX | Yes) = 0467 x 0.500 x 0.500 x 0167 « 000694 | |
& Rain Cool MNormal True Ne | | el | I N\ | [ c. el PO (G e ik
T | Overcast | Coel Mormal | True Yes Step 1 Prisr Probablliti = - 3 Normalize: | attribute X; and class Cy
8 Sunny Mitd High False No _— = — P(X) = 0004164 + 0.0250 = 0.029164 | _l
9 | Sunny Cool | Normal | Falsa Yes Pras | Count o P, O ;_* B Whccrscall e e ! i 0.004164 . O : 17 Compath- peskarior Cusnbrmalisad)
10| Ram | UL | Mormdl | Filie Yes e | £8 IF(Y.;) cia-s[1] 2 | 2 B/ he e | codilo M 0029164 : PCX | G} PCy) for each class Gy
| Tawmg Cool 1 1/4 = 0.250 | 1 —
| Humidiby | High @ 4/4 = 1.000 P(No | ) = - 0023 Quifs: ' B —— il
No | P(No) = 410 = 0.4 | | b ‘r 2 54 witimob | 0.029164 ] | Assign X to class with
1| i Wi = = ! masximum postarior probability |
| P(X|Noﬂ-0500:0250:(1000:0500-00625]' F‘mdi.cﬁon: [ | E ‘l_ >
; Since P(No | X) > P(Yes | X3, ; ( A i ‘
' the doy is predicted as PlayTennis = No | |
n
9. Advantages Limitations (
_ _ 10. Dealing with Zeroc Probability — Laplace Smoothing
V'  SGimple and easy to implemant X Assumes independence between ottributes In SI'LDI'I'. o i
. ” - 0 U\ r_. A —— a
W Wkl withy Wight dirinstimal datis. Sy iy oviss aliinion | A 1% Fad= 0 _C"L_ e g dea); _ o X _ o®. 0 %5
% Zero probabilities may occur (can be solved use Laplace correction: Bagmnﬂnmfxahmmsprtd:ﬁhddgmdﬁagu Theorem
: _ using Laplace smoothing) Cownb (0w xe Co)o 1 to classify data. It is simple, efficient and effective,
¥ Handles' both: sategerical and - sontliimesdati: M Not as accurate as advanced models in P(xi'xrc‘k)'

{uwith Goussion model) .

complex dotassts

| Count(Cy) + m especially for large dotasets and text classification.

mmm-mqmau.mhmqu;.




o— Rule-Based Classification -—e

Rule-Based Cl.assi.fim‘i:l'.on s a 'I:n:ch.ruque that uses a set of IF - THEN rules derived fr‘om. data or e,xper{ Ic.rl.owl.ed.ge,
to classify new (unseen) instances into predefined classes.

1. What is Rule-Based Classification? | 4. How Rules are Generoted? 7. Resolving Conflicts
v Tt represents knswledge o tha o of rulis = - P » | 4 reeshan g it maldhas, (e
Each rule has a eondition (IF ) and a class label {THEN ) [ | Rule: Sak l - = il
C) o part & part):| Data | Evaluate conditions | IF-THEN Rules | & Highust ! Confidinsa
* A new instance is classified by matching it against the rules. ® Most Specific Rule (more conditions)
+ Easy to understand and implement. Rules can be generated using : *  Majority Vote / Wezghhd. Vote
e Decision Tree . pe
2. Staidtive. of o Rk ‘ gl B 8. Types of Rule-Based Classifiers
Inductive Lagic P i Type Description
IF Ccondition 1) AND Ccondition_2) AND ... AND (condition_n) - i i 4
« E Knouwledg uentially learns rule at time
THEN CLcl.ss = Ck [wiﬂ’l opboncl cnrlﬁddncc] MPEH: " Scpwnlc—urd-c.onqr.mr S‘q . L :3?1& & =
5. Exo.rr&pl.e. Rule Set (frem ocbove dataset) Le. il il all € £y -
3_ Excu'rl.pl.e. Dcd'.usgt — chnng A‘Q“-‘"“-"‘"“ — " 1 ) 2
| R1: IF Outlock = Overcast THEN PlayTennis = Yes :
D Outlook Temp . Humidity Wind PlnaTﬂnanl 5. Tl Outioll = & AND b iy High THEN HnHT 5 A s | Rule Lisk Rules are a,ppbgd, in a :Per,n.fu: order ;
1 S Hot High Wealk N first matching rule is used
| 4 o 3 3 ’ R3: IF. Outlook = Sunny AND Humidity = Normal THEN Plaglennis = Yes | T e —
2 Sunny Hot High Strol No | ALl matching rules are considered;
2 e R&: IF Outlook = Rain AND Wind = Strong THEN PlayTennis = No Unordered Rule Set i .
[ 3 | Overcast Hot High Weak Yes | clossidecided by wolihg or accuracy.
, ; : RS: IF Oublock = Rain AND Wind = Weak THEN PlayTannis = Yas
4 Rain Mild Ht.sh Weak Yes 9. Mmtugﬂs
Vs Rain Cool MNormal Weak Yes ’ v Easy to understand and interpret .
3 Rain Cosl | Normal | Strong No || 6. Classifying a New Instance v  Works well with both numerical and categorical data .
| - — — - - a 4 " .
7 Chieriiast Csil Nermal Strong Yas | | N i M R —_— 5 | & Handles missing values (can use rules with available values) .
” . . 3 | v Fast classification once rules are built.
8 Sunny Mild High Weak. Ne ‘ - -— _T
9 5'-"\“-5 Cool MNormal Weak Yes | | Tng Cact Ri: Oq.d’look = Owercast ? - Nn | v Can wm—Porufu G-J(PG?'L k;—w[-edgs,
10 | Rain Mild | Nermal | Waak Yes r ) —> | R2: Oullock = ANDHumidity = High? —Yasv | | 10, Enitatibns
| Humidity High g J
uy (P iy o} 0 1o W00 Lrge pibier o rliia..
- 3 =2 Flese =i ie | Qe Rl il sy affuct tha Fesilb’
. j X Can be less accurate if rulss are inconsistent or incomplete .
l 11. General Process . 12. Applications
1. Collect 2 B Fomis _b' 3. Generate | | 4. Evaluate _’| 5. Classify o Wagllzal. dogriceia o Seam dslaslih
Data | ‘ Data Rules Rules New Instance * Credit scoring * Fault diagnosis
| | S *  Customer segmentation * Fraud detection
In Sheort : Rule-Based Classification uses a set IF-THEN rules to assign class Llabels.
ot bl ot ] g9

It is simple, interpretable and effective, especially when the knowledge can be expressed as rules.




-—Accuracy and Error Measures e

Accuracy and Error Measures are used to evaluate the performance of a classification or prediction model.

They compare the predicted results with the actual (true) values.

1. Confusion Matrix 2. Accuracy 4. Other Common Performance Measures
It is o table that describes the performance of a [ x TP + TN i * Precision (Positive Predictive Value)
classification model on a set of test data for which Brulocy TP + TN + FP + FN | = Out of all instances predicted
the true values are known, Mx‘[‘i Positive, how many are actually
. P + FP T
Actual vs FPredicted It is the proportion of total correct predictions. i Positive .
' Recall (Sensitivity, True Positive Rate)
. itivity, True itive Rate
Positive (P) Negative (N)
Ackiual o schEs Example : , Out of all actual Pesibive instances,
(True) | pitin P) True Positive False Negative If TP = 50, TN = 30, FP = 10, FN = 10 Recall L how many are correctly
Class TP CFN) e S5 TP + FN predicted
f | Accuracy — — = 0:80 (BO%)
s ” 50 + 30 + 10 + 10 100
e e Pue Negéitle it K Tris Nogpisin Ria)
(FP) (TN) r Th Out of all actual MNegative instances,
Wi ; 3. Error (Mucluss;fmtm) Rate \ Spf_ﬂ_f.g.jgﬂ a m hotws many are correctly
TP : Predicted Positive and Actual Positive (Correct Positive) T | _ FP + FN s - - | I B prsd.ucb:d
+ i i i E Rate 1- A
TN : Predicted Negative and Actual Megative (Correct Negative) i TP + TN + EP + EN mﬁ_] | ¢ F1 = Scoi
FP : Predicted Positive but Actual Megative (Type I Error) B A A — 3 | H s
FN : Predicted Negative but Actual Positive (Type II Error) | Example : SR e F1 - Score = s . and Recall. Useful when
Error Rate N £ LS L oplsp (20%) iy | PR classes are imbalanced.
50 + 30 + 10 + 10 100
5. Measure in Terms a-l' Error 6. Summn,rs Table of Measures 7 Equ'r!.FIlc - Cornph'.tc Calculation
o False Positive Rate (FPR) / Fall-out [ Measire Formula Bast Value Meaning Confusion Makrix whfesomey; AR w0 T
P TP + TN Pragiictad = 80 /100 = 0.80 (80%)
e FP FTER .Df R sy w3 Aecurucy TP+« TN FP s FN 1or 100%) | Overall corectnads ——————— % Error Rate = (10 + 10) / 100 = 0.20 (20%)
instances incorrec redicted . {2 — — — Positi Negative
FRSIN i [* il = o Praciston - 50 /(SO + 10) = 0,833 (83 3%
Error Rate m 0 (or O%) Overall incorrectness Poaiki 50 10 3
¢ False Negative Rate (FNR) / Miss Rate — = Actual 7 . g\ * Recall = 50 /(50 + 10) = 0.833 (B3.3%
_ 4 .. L Corractness of ) + Specificity = 30 / (30 + 10) = 0.75 (75%)
FN Proportion of actual Pesitive | et TP + FP k Positive predictions o 10 s
FNR = ———— instances incorrectly predicted | & = = e  FPR = 10 / {10 + 30) = 0.25 (25%)
| FN + TP | X Lid Abllity to find all
’ as Megative. Recall (Sensitivity) =] 1 M . + FNR = 10 / (10 + 50) = 0.167 (16.7%)
I |
False Di (FDR) TN = | Higher volues of Accuracy, Precision, Recall, | = F1 - Score = 2 x0.833 x 0.833 / (0.833 + 0.833)
. iscovery Rate _ TN ) sy to find. ol i ' !
J TN + FP Magative insbances Specificity and Fi-Score indicate betber model i = 0.833 (83 3%)
FP | Proportion of positive predictions . =k =———— — o HE R 3 |
FDR B i g e P | performance, while lower veluss of Error Rote, |
TP + FP actually negative. F1 - Score Frer 1 < R | FPR and FNR indicote better performance |
In Short : » At.cumc.a tells how many predictions are correct overall. » Recall tells how many actual positives are found. » Use appropriate measures depending on the problem,

» Precision tells how many predicted positives are actually positive.

» Error measures (FPR, FNR, Error Rate) tell how
many mistakes are made.

especiolly when the dotaset is imbalanced.
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.Qﬂ.uste’d'ng ond OLAP Techpof.ogg: Overview Of Technoﬂogg

1)_ Quste;rina | 3 2) QLAP Te.chno{og Y

s CLu-Stexing s an unsupervised data E « OLAP (Online Analytical Processin ) is
mining technique that groups similar ) a technologag used for muH:L—dAme.H.SLOnCLL
obJec,ts togethe:r in the same cluster data amlﬁ,sa.s to support decision ma.k:.ng.
and dissimiloxr obJec,ts in duﬁﬁexmt . ngpose :
clusters . To provide ﬁaﬁt , consistent | interactive

® ose : < wwlg,sc.s oﬁ- ﬂaxge, volumes oﬁ- data ﬁ:rom
To discover natural 87’oupfn8,.s or 2 multiple perspectives.
Pai:tevn.s in data without u_.sr'.ng. Features :
Pre.deﬁined classes. g Multidimensional data view.

e Chaxacteristics : < Foast query response.

—

_>
oy
- Su.PPor.ts aﬁgr&gaﬂm and summarization.
-
e Co

—> No prior k.n.owbzdge. of class labels. (
—> Hi,gh intra - cluster &}ﬂﬂaritg ; < Used in decision support .53.ste.m.s (DSS).
- Low inter-cluster .si,mﬂ.aa'i.tb- < omponents oﬁ- OLAP :
> Use,ﬁ—ul ﬁ—or data exploration, ( OLAP Sg.stem
Seg mentation, and summarization. I
v v 4 1
; Data OLAP OLAP User
. % xa’rp les : T Marhor g Source Server Tools Interface

ustomer segmentation, Mar - — = =

basket analg,sfs 5 Document dusf:e)ring : (%P:: aﬁm}’;a)l S:d Ze::r%ge) Cﬁ:;ii )LS Dﬁﬁoaﬁs )

Image seg mentation , etc.
e In shoxt : CLus’cemEng is used to group similar data, while OLAP is used to
anaigz,e, multidimensional data ﬁ’-o*r bettexr decision ma,king.



Data Cube and Data Generalization :

1) Data. Cube :

* A data cube is a multidimensional structure that
organizes data al.ong multiple dimensions and
measures to support OLAP (Online AnaLb(ticai
Proce.ssing).

* It allows data to be viewed and analyzed from
different perspectives bg pe,rﬁorming operations
such as roll-up, dril-down, slice and dice.

* Fach cell in the cube Yepre&ents a value oﬁ— a
measure for a combination of dimension values.

Example : Sales Data Cube

Dimensions — Time , Product, Location

Measure —  Sales (in T)
Product
TV Mobile La.PtoP

r o 2024
az| 2120 150 100
Toe  op] 199 130 90
#OIS RIS 90 110 80 ]
Q2 / Location
2021 80 100 70 Nerth
West
South

2) Dato. Generalization :

¢ Data 8ene,mliza,ti0n s the process oﬁ- rep!,acing
detailed data with highe,ruf.evd. Conce.Pts in a

dimension hi.e,raxchg.
o Tt veduces the 8ranwlarit3 oﬁ'— data and hel.ps
in data summ.a,rié ation .

* Used in operations like voll-up in OLAP.
Example : Generalization Hierarchy

Time Dimension Location Dimension
Year Less Ccm‘flrg Less
detailed detailed
A 4 N
Quarter State
h 4
Month CH:H
\ v
¥ More More
Day detailed Store | detailed

Use :
o Ge.ne,raliga,twn hztp.s

Product Dimension

Ca.te,gorg

Sub-Category

Product

Product ID

Less
detailed
A

v
More
detailed

in .summa,riéinﬁ data ot Mgh&r levels .
e Tt vreduces the size og the data to be processed.
. Improves query Pexﬁornmn@e and. SU.fJPOYtS decision makm.g



Introduction

to Clu.sfering_.

1) What is Clustering 7 4) Types of Data Suitable for Clustering
* Clustering is an unsupervised learning technigue * Numeric data (e.g., age, income, temperature )

used to group similar objects together into . Ca.te.gorical data (e.a. , color, regi.on)

clieteve., * Mixed data (combination of numeric and ccd:e.goric,al)
* Objects within a cluster are more similar to . Hr'.gh-d.imen.sf.onai data

each other and less similar to objects in 5) Applications

other clusters. + Market segmentation
e Tt discovers natural 3'roupr'.n.8.s or Pa.fterns in o Customir 3muPE'n8

data without any Pre,d.eﬁ-ine,d class Llabels.

Document th.Lsf:e,rEng
. Imo.ge. se,gme,nf:ai:ion

2) Purpose / Objectives
; < * Social network oma.LHSES

- To discover inherent group structure in data.
= Do clivroir e La.rge, dataseks * Bioinformatics, Web usage mining, etc.
=2 o sesmen{: data for better undzrstandins.
- To detect outliers. 6) Example
> To help in decision making and data analysis. Given a set of data points, clustering groups similar
points toge.fher.
3) Characteristics Y . v, Y
* Works on unlabeled data (u.nsuperviseo[), . i '{- : ':} rr'._: % : o.'..
g . e ) o o ® e @
* Based on similarity / distance between objects. i e = \_.f“ R e e
* Different clustering algorithms may produce g e = .:. .
« * . 2 )
diﬁﬁere.nf: results. . ® . St : ‘o g o
* The number of clusters may be known in advance 5% X
Data. Objects Natural Groups Clusters

or determined automticalLH.

In short : C.Lu.ste.w'.ng groups similar data fogef:her without using any prior kmwled.se, oﬁ class labels.




Methods

1) Introduction :

Pa.rti,ﬂ.oning methods divide a dataset oﬁ n objecﬁs
into k (k<n) Pa,rﬁﬂon.s or clusters such that

the objec.ts within a cluster are more similar

(homnge.naous) to each other and less similar
(hetevogenaous) to objects in other clusters.

2) Basic Idea :

e Given : A set oﬁ n obje.cts and number oﬁ clusters k.

* Find : A pawtf.{:l'.on cﬂ- the obje.cts into k clusters.
. Obje.ctive. :

Opﬁm.i.ze. a criterion ﬁumﬂon

(u.su.a.l.u'.ﬂ minimize intra-cluster distance).

3) Common Aig_orithm: k - Means Aiaori‘thm

It is the most popular partitioning method .
Steps

Choose the number oﬁ clusters k.

Select k initial centroids ( randomly or using

some heuristic).

Assign each object to the nearest centroid
(based on distance , e.g., Euclidean distance).
Recompute the centroid of each cluster.
Repeat steps ® and @ until no c.ha,n.ﬁe. in

cluster assignments or centroids (convergence) .

e © 6

¢ Pa.rl':ifionin?

!

4) E xamELe. :

Suppo.se. k=3 clusters.

Tq Y .

1 . ; . i w0

X x : o X ®

- ". ’/ -. -.

1 ‘:’ -\.\‘h "J . # e o
,'( .' " . .. x . T - ] x - LA
el = I. - *e ..:x-.
- - i ']
> % %

Initial Centroids Assisn Objec.ts UPd.a.te.aL Centroids

5) Objective Function :

6)

Minimize. the total within-cluster sum Dﬁ squares (wWcsSs) :

k
WESS = D RN (= f11)5
i=1 x€eg;
where, C; = i™ cluster
M; = centroid ( mean) og; cluster C;
d(x,p;) = distance between object x and centroid u;
Characteristics :

Sr’.mpte. and, eﬁicie,nt !

* Works well for spherical, compact clusters.

Sensitive to initial centroid selection.

Requires the numbeyr og clusters (k) as input.

In Short : Pa,rtiti,oninﬂ methods (3,3., k -means) partition data into k clusters by optimizing

a criterion such as rr'ti.ni.m,i.z[.ns within-cluster distance.




1)

). Hierarchical Methods

4) Agglomerative Example :

=
E_@froducﬂon :

Hierarchical methods create a hie.ra.rchg (tree) of Consider 6 ‘chiedtas A B, C, D, ¥

clusters. It produces o nested sequence of clusters { Crisrmbers indizate dish ot which clusters are merged)
Oracm.i.ze.d. as a hf.e.m‘rdﬂ.g . The result is r'epr‘e.se.nte.c{
by o tree diagram colled dend : a0
3 a ree a.g'ra. TOSrO.m - (InLtLa_L) @ @ @ @ De_nd,rgsra,m
2) Types of Hierarchical Methods : _. P S

3)

L]

Step 1
Agglomerative (Bottom-Up) : Start with each " ®
2 3

Obje.(‘.{: as a .SE.PGJ"G.{:E. C.I.U_Ste.r G.l"l.d. sSuccess LVE.I'..U

merge the closest clusters until all obje.ci‘.s G e
: . Step 2 ©
are in o single cluster. (A)—(®) 3 s
. Z N e
,. 4

Divisive (Top-Down) : Start with all objects in 5

orne cluster and su.c.c.e.s.s.i.ve.[.b- .SPLE:E clusters wuntil

Distands &

each obje.c.t -gov-m.s a 5epa.ra,te cluster . . Step 3 2 0

Agglomerative Hierarchical Clustering : |
Each object is initially a cluster. ‘ @5%

Compute the distance (simi.[.a:r‘i.tﬁ) between clusters.
5) Divisive Hierarchical Clustering :
Me‘rﬂe the +two closest clusters. ) LVLSLV 3

(ALl in one cluster)

* Update the distance wmotrix. * Start with all objects in one cluster.

* Repeat steps 2-4 until only one cluster remains. * Find the most disiimilar pair (or cluster) and split

Linkage Criteria (ways to compute inter-cluster distance): the cluster. : .

. Sl'.ﬂ.ﬂf.e Link (Min Link) : Minimum distance between * Bepeat: the process ‘-re,a.n.r.sweiﬂ m muu:tnﬁ clusters.
any two objects in the sl ictave * Stop when each object forms its own cluster.

* Complete Link (Max Link) : Maximum distance between ) Choarncterisbic:

* Average Link (UPGMA) : Average of all pairwise

any two objects in the clusters.
J g e Does not require the number oi- clusters as E.npu.t‘

distances between objects in dusters. * Produces a dendrogram (visual representation of cluster hierarchy).

¢ Centroid Link : Distance between centroids * More computationally expensive : O(n*) time and space.

(means) of the clusters. ® Sensitive to noise and outliers.

In Short : Hierarchical methods build o hiemrchﬁ oi- clusters either bﬂ merging (a.gﬂl,omraﬁ.ve)
or 5PLLH:E.H.3 (divisive) and are r‘epre.sented u.sf.ns a dendrogram.




.LDensH:c\{ - Based Methods _

1) Introduction :
Den.s.r'.ta—ba.se.d. c.Lu.s'f:e.anS methods group toaef:he.r
objecfs that are cLose.Lﬂ Pa..c.ked togef:he,r (hf.sh.
d.e,n.sif:g) and mark obje.d:s that lie in low

density regions as outliers (noise) .

2) Basic Idea :
* A cluster is defined as a dense region of points
that s .sepa.mte.d. bH :-eﬂf.ons o‘g‘ low d'.e.n.s:'.f:tf.
¢ These wmethods can discover clusters ag o,rbi.‘ﬁmrg
shape .
. MH con Ld.e.n‘f:iﬁa noise (outliers) Mtomﬂco.llﬁ.
3) Key Concepts :
8 £ (Ep.sf.l,c-n:l: Radius of the neighborhood .
e MinPts Mintmum rnumber Bﬁr Poinf.'.s re.q'ui.red
within € -neighborhood to form o dense region.
¢ Core Point A point hm.rt'.nﬂ at least MinPts

points within its €-neighborhood ( including itself) .

e Border Point : A pof.n.t that is within E-—ne.f.slmbmhood.
oﬁ a core point but has less than MinPts Pol'.n.ts
in its own E-—miﬂlﬂtbovhocd,,

* Noise Point A point that is neither a core nor
a border Point.

4) Algorithm (DBSCAN) :

Choose parameters &€ (radius) and MinPts.

Pick an unvisited point p

Retrieve all points within € - neighborhood of p-
—> I number of points < MinPts, label p as Noise.

@Eee

—> Otherwise, create a new cluster and mark p as core point.

5) Example :
Given € = 1.5 units, MinPts = 4
Y 4 Y 4 "
. .: . - .:.1. :.
J e - '.o [ ] -
- . Ggoy ®
* e *e Le.ge.n.d.
l Lo — S y o Cluster 1
A e ) LTy e Cluster 2
e T, . ® :.". =
‘5. A . e e ® Cluster 3
- : . L . + e e x x : .
C : ..‘ . : ‘.' ® K 2 X Noise COu‘the.rs)
Input Data K , X
P! Dﬁnsttg -Based CLuste.nn.ﬁ Result

6) Properties / Characteristics :

* Finds clusters of a.rbif:ro.rﬂ shape .

¢ Handles noise (outliers) e.ﬁec‘ti.ve.lﬂ.

. Requires two input pa.mmters: € and MinPts.

e Suitable ﬁor La.rge. datasets .

* Results are sensitive to the choice of &€ and MinPts.
7) Common Density-Based Algorithms :

* DBSCAN (Den.si.f:H—B-ased Spatial CLusteﬁ.nS of Applications

with. Noise)

e OPTICS (Orderi.nﬂ Points To Ideni;ﬁg the Ctusterin.ﬂ Structure)
e« DENCLUE ( DENsity - based CLUstEn'.nﬂ)

Di.ﬁﬁemnce. -ﬁrom Other Methods :
* Unlike partitioning methods Ce..s., k-means), no need to
SPGCE"Eh' the number nﬁ clusters .

@ Re.e:wrsl'.ve.f.ﬂ visit all points de.nsf.‘tﬂ-rea.chn.ble. from ke Toaravchicol yaeibiods  doss: rok wice bailidi
(Le., within £ core Pof.n.ts) and add them to the cluster. ’ =3
4, . o dendrogram.
® Repea:t steps @ to @ for all unvisited points . i
In Short : Densi.‘f:g-ba.se.d methods fu'ui dense regions oﬁ obje.cts .sefao.mted EH Low-d.e.nsitﬂ regions .

'ﬂuﬂ discover clusters o‘g- arbf.trar'rj .slmf:e. and can detect noise a..l.l.tomti.c.ailﬂ.




_Difference between Classification and Clustering

Aspec’c

Classiﬁica,ﬁon

Clustering

1. Definﬁ: ion

Cla.ssiﬁf,co.tion s a supervised. l.e.a.rnl'.ng
tec h.n.i.csu.e that a.ssiﬁn.s obj ects to
Pred.efined. classes (or ca.tesorie,s )

Ci.usterinﬂ is an unsupervised learni
te.c.hni%ue. that groups similar objec{:s

{:ogeih,e,r into clusters .

2. Lecurnf.ng T:jpe

Su.P ervised Le.a,rni.n.s

Un.s:,epe.rvi.se.d'. Le.a.rni.ns

o i Inpu.t Data

Uses Llabeled (C.La.ssi.fi.e.d) tra.i.ni.nﬂ data
with known class labels.

Uses unlabeled data with no prior

E.nﬁ-orma.tion about classes.

To d.f.s-.;.ove.r natural Smmpinas or Pa.i:terns

4. Goal To predict the class label of new / unseen
data based on learned model. in data.
5. Output Assiﬂns each object to one oﬂ the Forms clusters such that objects in the

pred.efi.n,e.al classes .

same cluster are similar and objec.‘ts in
diﬁﬁ-e.re.nt clusters are dissimilar.

6. Number oﬁ Groups

Determined in advance (fixed. number

of classes).

Not known in advance ; cie'l:errninm:i: by
the a.LgorEi:hm.

1. Pu.rpose.

Used for Pre.d.ic,tion and decision mk.f.n.s.

Used fm- e.:cpl'.ora.‘f:i.on and FEEe.m d.i.scoue.rs-.

8. Algorithms (Examples)

Decision Trees, Naive Bayes, SVM,
K-Nearest Neighbor, Logistic Regression

etc .

K-Means, Hierarchical Clustering , DBSCAN,
Fu.zza C-Means, etc.

9. Eualu.a.{:i,on

Performance is measured using accuracy,
precision, recall, Fi-score, etc.

Evaluation is difficult; uses measures like
Silhouette Coefficient, Davies-Bouldin Index,
Ei_thi.n. -Cluster Sum of Squares, etc.

10. Ttlpic,al Use Cases

Email spam detection , Disease diagnosis,
Credit risk prediction, Image classification,
etc .

Customer segmentation, Market basket
a,mi.ﬂsi,s , Document grouping , Gene
expression analysis, etc.

11. Example Predict whether an email is “"Spam” or . Group customers into clusters based on
“Not Spam”. . their purchasing behavior.
1l 2 )
In Short : Classification uses known data to predict class labels, while clustering uses unknown data

to ﬁind. natural groups or clusters .
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1)

Advanced TOPLCS and Appltcal':t.ons

Inf:roduchon to Web Mmmq and Text Mmmq__

Web Mining :

Web Minins is the a.PPLLc.af:ion of data mining fe.chnit;ue.s
to discover u.se.fut Pa.f:fe.rns and kncwle,dge. from  Web
data and Web usage..

Sources of Web Data :

Web Content Ml'.nf.nﬂ

Web Structure Mining

Web " Gorient /
.

Web Structure
Web Usage (Log) Data

Extracts u.sefu.l'. Ln,forrru.ti.on fmm
the content of Web pages .

Amf.gzes the link structure 039 Web
pages (e.g,, Pa,ge.Ra.nk, HITS a.%ariﬂun)k
Discovers patterns from Web Iog.s

(user access behavior).

Web Usa.ge. Mi,nin.g

Types of Web Mining :
Web Content Mi,m',ng :

Web Structure Mining :

Web Usa.ge. Min.inﬁ :

Applications of Web Mining :

Exa.m.E,_e =

Amlﬂzinﬁ user n.a.viga.t:’.on

Personalization cf Web services
E-commerce and recommendation
Web advertisement and mrke.f:t'.nﬁ cite do | products
Website l:m.f)rove.me.nf and ma.nagame.nf Hak B usar i [ikef.g £a
Fraudd dbtection by,

atterns on an e-commerce

2)

Text Mining :

Text Mining is the process oi and
non-trivial Paﬂ:erns or kmwled.ﬂe from unstructured tfext
documents .

dis cove.rins Enﬁe.resfing

Sources of Text Data. : Eesstirs Bt
Documents (e. 4., articles, repori's books)

Emails / Cateﬁorizaﬁon
Social media Pasf.s . Clusdasing
News and blags

Reviews and fe.ed.back Summarization
Ke::; Tasks in Text Mining : Trend Analysis

Infarrrwi‘ian Retrieval : Ff.nd.f.ng relevant documents.

Assisning documents to Fredefmd ca.fesaries.
Grou.Pinﬂ similar documents .

Exf:ra.cff.ng entities, events, relafionshilps.

Cre.a.ﬁ.nﬁ concise summary O'E documents .

Text Ciassifﬂcaff.on ;
Cf.u.sf:e.ring :
Inform.a.ﬂon Extraction :

Summarization :

Sentiment Amigsis g

Deferminins opinion or sentiment in text.

Applications of Text Mining :

Exo.mr:_)[e :
Arwib-zbtg customer reviews

03? a lproduc.t to fina'.

commeon issues and overall

SFa.m emadl fﬁ&eﬂ'.nﬁ

Customer feed.ba,ck a.na.lasis

News trend detection

Document orgmizaﬂon and, ma.na.ﬂemuti‘

sentiment .

Market and oPl'.n.{'.on a.mlgsi.s

In Short :

Web Mininﬁ- fo:;u.se.s on discwering patterns from Web data (content , structure, u.so.ge.),
while Text Mﬂm'.ns facu.ses on exfra.cf:ing mmingful E.nforrna.ﬁon fmm textual data.




1) Introduction :

: Social Network Ana.l.gsis (SNA)

Social Network An.a.hdsi.s (SNA) is the process of .5b.|.dﬂi.n3

relationships and interactions among actors ( people, groups,
organizations, etc.) in a network. It helps to discover
patterns, 'm:fl_lu,n.ti.a.[. entities, communities and the structure

relationships .
°f P

2) Basic Concepts :

Actor (Node)
Tie (Ed.se)
Network

* Graph

A?'I. l‘-l"l.d.i.\fl.-d.uﬂj. E-ﬂ.t;-tH I.-I'l- tl":ﬂ- nz{:wark..

Relationship or interaction between twe actors.

A set of actors (nodes) and tles (e,d.ses) .
Mathematical represe.ni:aﬂcn of o network
G (V,E) where V = nodes, E = edges .

3) Types of Social Networks :

s Directed Network

Relationships have direction (e.g., follower — following).

¢ Undirected Network : Rela.tionships are mutual (e.g., frmrld.shap)

* Weighted Network

Ties have stma‘l:k/weiﬂht (e..a., fre%mncﬁ

. Umue.&ghf.e.d. Netwerk : ALl ties are considered ecsun.l..

4) Elements of a Social Network :

Element Description
Actors (Nodes) Individuals or entities in the network.
Ties (Edﬂes) Relationships or interactions between actors.
Attributes Properties of actors (age, role, location, etc.).
Comrmunities Groups of actors more densely connected
to each other.
Subgraphs Smaller parts of the network.

5) Ke'lj Measures / Metrics in SNA :

Degree Ce.n{'.ra.!.?i‘.ld
Betweenness Cen‘l:r-ai.i.tﬁ z

Closeness Can;trq.LLtH
Ei.se.nve.ctor Ce.n‘l:mli‘f:ld :

Densit y

6) Example Network :

7)

. Id.enﬁJEHEnﬂ keH in.fh.t.en.c.ers in a network.
. De,tecti.nﬂ communities and groups.
° AmLHanﬁ Lnfomw.tion d.l'-ﬁu.';l'..an. :

8) Tools for Social Network Analysis :
Gephi, UCINET, NodeXL, Pa..jelr.* NetworkX (Pﬂthon,),

®
(8)

Number of connections an actor has.

How oi-te.n. an actor Llies on the shortest Pa.th
between other actors.

How close on actor is to all other actors.
Influence of an actor considering the importance
of its connections .

Proportion of actual ties to possible ties in
the network .

E:lcq.mp‘.e Measures :

Desrae.f_/-\) = 3

o Degree(D) = 4

E

Betweenness(D) = Hish.
Closeness(A) = High
Density = 10/ 15 = 0.6%
F (Undirected network)

AFp[f.c.o.ﬂ.on.s of SNA :

» Recommender systems.

e Fraud detection.

* Organizational analysis.

* Understanding social behavior and trends.

* NetworkX Example (Pgthon)

R (Lﬁro,ph pcmko.ﬁt) etc .

import networkx as nx

In Short :

It reveals structure, important actors and communities to support decision making.

Social Network Analﬂsi.s l'w.i.ps to model, visualize and a.ml_ﬂze. ?‘ala.tionships in a network.

i G = nx.Graph()

| G.add_edges_from ((‘A","B"),

i CAey,
; C'B,'DY), ..
; nx. d.e.ﬁree. i cmtra.LLtH (G) ;
. B [ W i W |




GRAPH MINING

Gr'a.Ph Mi.ni.n.ﬂ is the process cﬂ d.iscoueri.n.a interesting ,

from. 9ra..|:>h— structured data .

use.fud. and Pr-e.viou.siﬂ unknown patterns

1) Introduction :
Graph mining applies data mining techniques to extract patterns

imm ﬂrﬂ.PhS-
* A graph G = (V,E,L,,L.) consists of a set of vertices {v),

edges (E) and optional vertex labels (L,) and edge labels (L,).

2) Graph Data Sources :
® Social networks (e..s., Facebook , Twitter)
o Web graphs (web pages and hyperlinks)
e Biological networks (protein-protein interaction)
o Chemical structures
e Communication and transportation networks
s Citation networks

3) Types of Graphs :
o Undirected Gmph. g Ed.ﬂe.s have no direction.
¢ Directed G-ra.Ph (Diﬁmph) Ed.ae.s have direction .
e |abeled G‘r‘n.Ph Vertices and/for edaes have labels .
¢ Attributed Graph : Vertices/edges have attributes (values).
¢ Weighted Graph

5) Gru,p-h Mt'.m'.nﬁ Tasks :

Task

Description

Subgraph Di.scaverb- Find fr::u.:.ent or interesting suhsmph.s in a iarss sm.Ph.

Pattern Mn:l:c.hi.nﬂ Find all occurrences ag o query pottern in a ﬂmpl‘\..

G—m.Ph Classification CLn.ssi.fg smphs into predefined classes.

Gra.PH Cl.u.sf'.erirts G‘r‘ouP stmilar smphs based on structure or attributes.

Outlier [ An,amulﬂ
Detection

Detect rore or wnusual 3rn.i:|ks or substructures .

Link Prediction Predict missing links or future connections.

G—raph Summarization Generate a compm:t summary os o l.n.rse. grnph..

6) Exarn.Ple - Fraq.usn‘l: Su.bﬂra.Ph Ml'.nins

Fr‘equ.erd: Subsraph.s (min support = 2)

[ AAV
¢

(2) (2)

E have i A
dges QoL o gt 7) Applica..tion.s of Graph Mininﬂ -
s Attributed & Gmph :  Both structure and ottributes are present.
¢ Social Network Ann.‘.ﬂsis: tﬂ detection, influence u.n.n.l.ﬂsi.s, friend recommendation.
4) THPe.s af Patterns in G'ra_Ph Mininﬁ ; e Bioinformatics : protein interaction networks, gene regulatory networks.
o Web Mir-.ina: Link am:.lﬁsi.s, page ro.nki.nﬂ. web community detection .
Frequent Subgraph Graph Motif Subgraph Groph Graph x i piaE indi et =2 s (s
( Structural Fo.ttem} Isomo‘rpHsm Clqssificn.tion Ch;ste.rinﬂ che fo . i f Bl qreaps d d disce d-
* Fraud Detection : identifuing suspicious groups and transactions.
) |
o | ® /;‘\ /'.'\ . o e ——————————————
. = o s 2,0 8) Challenges : : Commaon Gmph Mmm.q Algorithms :
~ I o \a / . // ; : ' |
J o] | @ . Hu.se. size o‘ Sru.Ph.s (mrtu:es/ed.ses) | . |
! : | ' GSpan: = frequent sibgraph. minieg .
Trmalc is a Small, recurring Check it a pattern CLn.s!.qu ﬂmphs into | Group similar ﬂruplu i C;mphirud and dﬂmm Stmmr: — I ¢ FANMOD - fr!qu.an.t subsrnpl'l. mmms i
frequent subgraph. subgraph. exists in o graph. | categories. tagether. i naturs: of many graph fro " | o Graph Classification - Groph Kemnels, GNNs |
¢ Lack of standard representations. | : . |
| . Grﬂ.Pi'L C.Lu.sh’_ru-xﬁ - Sf:vec,tru.l. c:lu_stsr‘m.ﬂ. MCL |
| |
I ® Link Prediction - Common Neighbors, Adamic/Adar |
: h Mini i ingful patt h-st data such ities, important “9
In Short Gra.P ining discovers manmﬂi patterns fﬁ!m. grapn-s ructured such as communities, imp I :

substructures , and simila.ritﬁ betweer smph.s,

which helps in better decision mn.km.ﬂ and lcn.owledﬁe disr.ove.rﬂ_




Mining Time-Series Data
Time-series data are observations recorded over time at regu.lar or u-regu.lur intervals .
Mining time-series data aims to discover useful patterns, trends and relationships.

1) Introduction 2) Characteristics of Time-Series Data 3) Example of Time-Series Data
¢ Time-series dota are sequences ci data ¢ Time d.gpe.ndzncﬂ (mﬂ-t.[nill.on between Teme (t) 1 2 3 4 5 & 7 B 9 10
points indexed (or ordered) in time order. nearby observations) Sales | 120 | 132 | 128 | 143 | 155 | 160 | 158 | 170 | 165 | 180
¢ Examples : stock prices, sensor readings, s Trends (Lonﬁ—l:erm increase /decrease) 190
weather data, ECG 5|'.S|'|.¢a.l'.sJ web trn.ﬁi'.c., ° Smomutld (re.ﬂu!ar Pn.ﬁern.s at f:.:(zd. per'l.od.s) 160
electricity demand , etc. oo Notsa: aval Gublitrs ﬁ
. v 130
¢ Time adds a dﬁrmml.c. aspect — the order . Non—stp.timritﬂ (statistical properties 5
°f observations is important. l change over time) 1 2 3 4 5 6 7 8 9 10
| Time ()
4) Types of Time-Series Data 5) Common Patterns in Time-Series 6) Mining Tasks on Time-Series Data

* Univariate Time Series : Single variable Trend Seasonality Cyclical Randorm/ Noise ‘ * Similarity Search : Find time series most similar to a query series.

observed over time. | [ = Chx..ste.ruzs : Group similar time series,
¢ Multivariate Time Series : Multiple ff/ | MAW * Classification : Assign a class label to a time serles.
variables observed over tlime. I * Trend / Pattern Dl'.sn:ove.r‘tj : Discover trends, seasonality,

° Irresula.r'.g Sampled Series : Observations T recurring patterns.

at non-constant time (intervals. Long - term Regular pattern Rise and fall f:‘rme“"'” o Anoma.f.HfOui:fiar Detection : Detect wnusual or rare events.
L 3 with Misst al : 5o - i repeats over over long ctuations - Wy 4 2
* Time S_"“rw‘s ) M“ss""ﬂ Values R o A fxed time . ; = Cristse) ] Foreca.s!:t.ng/ Prediction : Predict fm‘:u.re values .
atiummmtione e swdicing: * Motif Disauvera 1 Find f"ﬂcl'-“'-"-ﬂﬂ occurring subsequences .
?) Common Techniques ' 8) Exa.m,PLe - Si.milo.rifa using DTW | 9) AEgucaﬁm
. Smoo‘ﬂt-l:nﬂ' : Remove noise (a.s..mw'.ns average , exponential smo‘thinﬁ) Q“'E"S Series (Q) * Finance : Stock price analysis, risk mon.t'.'horinﬂ,
¢ Normalization : Remove scair.faﬁsai‘. eﬁe:fs. DTW ultgns two ceries Por‘:foll‘.a m.anase.mnf.

* Discretization : Convert continuous values into discrete symbols. /'\‘\ W U | } NP el Sl Jeiscashags dimandagesicton:
* Dimensionality Reduction : PCA, DFT, DWT, PAA (Piecewise axis to find the * Healthcare : ECG analysis, patient monitoring.
Aggregate Approximation) Candidate Series (C) optimal match. ‘ . Icﬂj & Sensors : Fault detection, predictive

* Distance /Sim.ﬂ.a.rr'.i‘.‘lj Measures ; Euclidean, DTW (Dblrv.mic Time /&f‘(\\ S s ;nmts:mn:cu . , '
i i . eather mate : emperature , rv.m.fau
Wa.fpt.nﬁ) , LCSS, Correlation-based, etc. (Q, C) = 2.35 it "oy
_ > * Web Analytics : User behavior over time.
10} wa.ller_tﬂes Exiasnple:: Mo Vol ) 11) Evaluation Measures T Shoi

e High volume and velocity o‘ data., *» For Sbﬂﬂaﬂty Search : Precision, Recall
4 T z Orlﬁmn.l Series : 4 & - 10 - 14 1ie e 5
- Nal.sa, missing values and outliers. bioid b b de ke 5 s For Clqssr.fmai:m : ACCW"'-U-'{]': F1-score
* Scu-[ﬂ.bu.ﬁfs and l‘,'Dm.PLLtd.H.ﬁﬂnl mrnl:almby o For Cll.ﬁStGl’Eﬂﬂ + Silhouette Cmﬁu_-_mnt,
s i . After Interpolation: 4 6 8 10 12 14 16 0
® Non-stationarity and evolving patterns. Purttg

F; f:tztsf-ttsf-ét?
¢ Choosing appropriate similarity measures. " )| For Forecasting : MAE, RMSE, MAPE | (

Mf.m'.ns time-series data helps to discover mea.nmﬂfd
potterns, make accurate predictions and support
better decision making in dynamic environments
where time P[”'Ss a crucial role.




Applications Of Data Mining in Healthcare, Banking

Data mining extracts useful patterns and knawl'.e.d.ge. from large datasets .
better decisions,

te make

f.mprove. e.ﬂix:iencg and Provi.d.e Pe.rsona.l'.f.z.e.d. services .

It heips organizations

: ) Appl'.i.ca.ti,ons Of Data. Mining in Healthcare

Data. m.uu.ng 'l:e.d‘uuctu.e.s he.[p in a.na.lHZuLS medical data to

e

- APPlica.ti.on.s Of Data Mining in Ba.nkifg

Data mn.m.s hatps banks to understand customers better,

mﬁe

l.m pa.tx.sn.t care, reduce costs and su.PPorf decision ma.km.ﬁ' risks , prevenf: fm.u.d. and increase Profifabiﬁt&.
Application Description Benefits Application Description Benefits
@ Disease Predict H'l!. likelihood oi diseases EGH’H detection @., (®) . Gk Grou.P customers based on behavior, Tar-ﬂ'g:f:sd. m.a.rks.f:mg
% Prediction (5:3" d‘“‘f’e{:ﬂs}ﬁt:"'"t d;.sema,c.m.c:ﬁ Timely treatment 09e Segmentation income , transaction patterns, Personalized offers
redic SP‘:S&SP“*“""'* ory , symptoms, Improved survival rate a@a demographics , etc Higher customer satisfaction
: Personalized treatment Credit Scort Predict the creditworthiness of loan Better lending decisions
@ Q@ Patient G patients with similar ) el : .
@g‘ Sesinarbiion C”’“Fte_ TNy . 4 Targeted marketing and Risk applicants using past loan data, Reduced bad loans
Better resource allocation Assessment income , assets, etc. Lower default rate

risk of heart disease using patient age, blood pressure,
cholesterol level, ECG results and family history.

@ Treatment Anp.[Hze. treatment ocutcomes and Better clinical decisions @ E | Id.g:nh.fﬂ wnusual or .susPi.d,au_s Prevent fmm‘lﬂ.ﬂl loss
% Eﬁactiven.ess identify which treatments are most Higher success rate E Detection transactions using patterns and Real-time alert
Anaiﬁsi.s aﬁe,c,tive fm- sPa.cifi:. Pnh.ent groups . Reduced side gﬁuts anomalies . Impmve-d. sec-l.u.ri.tﬂ
g Hospi.fa.[ Armllﬂu data on bed ocouponcy , Ccsi'.. redbikisi . @ Market Basket Find Products/ﬁarvms' l:arrurw.rd.g Cmss—ssuf.ﬂ.s
E M patient flau, sta.ﬁ Perform Efficient opern.tmn.s. ‘ Ana.j.h-sr'_i used. bageﬂwr (a.g., loans with Inereased revenue .
= g and resource utilization . Improved patient satisfaction insurance) . Better Pr-nduc.{: bundling
@ - Dru.ﬁ Di.scnw.rbl Idenﬂfﬂ Pui:\‘:&rn.s in bx'.olosicni Fa.s?er d.ru.g discavur!j @ /J Cossborner Chory ... L . [dml.H i Customer retention
data to discover new drugs and Reduced resecrch cost Prediction B0 e he _ Reduced churn rate
understand a'.ru.g responses . Better drug safety Increased lo‘u_,oltllj
Detect wnusual claims or l:l'.uf.ng Prevent icwwhl loss @ Ana].h-zz e Pro{l.fa.b:ll.{ﬂ i | Focus en prnftb:blz customers
patterns to identify fraud and Improved claim aceuracy § Profc’co.biu!:g product performance. Optimize pricing
abuse . Better r.onzpi;a.nc& An.a.lﬂsl.s ImProved_ Pm‘itnbiﬁtﬁ
| Med: s Use data rm-mnﬁ with [_ma_se Accurate dw.sms:-s @ ComP{La.n.ca and A.nalque. transactions to detect Re.sulo.hory ccwtpl'io.m:e
= Analysis patterns (X—ra.ﬁ, MRI, CT scan) Early detection Regulatory money laundering and ensure Avoid penalties
for dA@sMSLs support. Su.ppor‘t for ro.d-l-o!.o&;-sts Reporﬂn.s n:ﬂudn.‘borﬂ compun.m:e-. Enhanced rtpl.d.taﬁan

A

Exa.mELe: Detecting fraudulent credit card transactions by analyzing location,

amount , time and span.din.g behavior of customers.

LS

=

In Healthcare - Data minins improves patient care, optimizes resources and reduces costs.
In Ba.rdu'.n.g - Data rru'.ni.ns increases customer sa.ti.sf-o,c.ti.on, reduces risk and improves pmfﬁfsa,biufﬂ.




Applications of Data. Mi.nbmg in Education and Business

Data mmm.ﬂ discovers u.se-ful Fa.f.‘.terns and k:mw'.ed.ge from. educational and business data to supporf: decision
bﬁprwe Fer‘for'mmc.e, optimize processes and Provi.de. better services .

ol

s [ Appli.ca.ﬁons of Data Mining in Education
Data rrum.s hslps educational institutions understand students better,
i.mProve. lea.rn.l.ns outcomes and make data-driven decisions .

Application |

Description

Benefits

reduce costs and increase profl'.ta.bw.tﬂ ;

2. Applications of Data M'Ln.htg in Business

Data mining helps businesses understand customers, improve operations,

Appiic.aﬁon De.scrl'.pﬂon

Bmfﬁi‘.s

Predict students’' academic
attendance , assignments, grades,
quizzes, etc.

Early identification. of at-risk shudents
Timely intervention
Imprnvedum.d.gmi:sucuss

d:mag‘mphl'.cs, Pu.rcha.u hl'.stors,

income , etc.

Gn:mp customers based on behavior,

. To.rsetsd. wkxhns
¢ Personalized o‘fcrs
. Hishcr customer satisfaction

Find items frequsntls Purclmed
toseﬂu.r.

@ #» Student Group students with similar Personalized lmrm.ng
Segmentation | characteristics, behavior or Targeted support
(Clustering) performance . Better resource allocation
|@ L - Annlﬂu lea.rru.ng behavior and Understand lﬂﬁﬂlﬂlﬁ P‘«lﬂﬂm
| ]ﬁ A LE eﬂgagemgn!:dai'a.from LMS, Inmmmdg.usn.
| riahigiicy | online courses, assessments, etc. Erhance student engagement
@ _ Prepit Tdentify students who are likely Reduce dropout rate
B i to drop out based on historical Retention strategies

and behavioral dota

Better student support

Rmmn.dwurmaflea.rnins
resources based on students’

interests and past performance.

Personalized learning path
Increased enrollment in relevant
courses

Analyze date on classrooms,
focilities and fq.cq.d.f& usage .

Eff icient sch:dull.rlﬂ
Better infrastructure Plﬂﬁn-l-ﬂﬂ
Cost optimization

« Product bmdling
. Cmss—suﬂ.ing

* Increased sales

* Better demand planning

*+ Optimal inventory

* Increased profitability

s Improve customer retention

* Reduce churn rote

+ Jncrease customer U.r'zi:ime, value

data, trends and seascnal patterns.
Prediction I-LS»LHS the product / service .
Fraiid Ditacking Detect unusual or fraudulent

transactions or activities .

* Prevent financial loss
* Real-time alerts
. Impr‘cmec[ secun'.fﬂ

assignment submission and internal test scores to provide timely support

Amiazg business processes il o Cost reduction
identify bottlenecks or inefficiencies . ¢ PI'DE-F-SS unpruvn-e.r:mn.t
. Hl.shﬁr produmbwd:&
GOy Product .fservwe Recommend P"Dﬁ'-'-‘-d:S or services s Increased sale
lﬁ Recommendation based on customer preferences * Better user experience
and behavior + Customer loyalty

Usin.ﬂ Pusf: Pun:ho_-se data to recommend relevant Prod.lm{‘.s to customers

on an e-commerce website, increasing sales and customer satisfaction .

In Ec[ucal‘:wn Data mining improves student {eo.rm'.nﬁ, reduces dropouts
and helps institutions make smarter, data-driven decisions .

In Business:

Data mining improves customer un.d.e.rstanding, eptimizes
processes, reduces costs and increases profitqbilitﬁ.
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» Recent Trends in Data Mi.ning )

Data. mf.m'.nﬂ Ls conﬂmcuslﬂ e.vof.ving to handle new types of data, solve complex problems
and provide real-time, accurate and intelligent solutions .

Big Data Mining
Stream Data Mining
Mining Unstructured Data :
Text Mining & NLP
Social Media Mining

Graph Mining

Deep Learning in Data Mining :
Privacy - Preserving Data. Mining
Cloud - Based Data Mining

Real-Time & Adapfiwz P"l'inins:

Handling very L:r.rﬂe. volume , velocity and variety of data
using distributed frameworks .

Extracting useful patterns from continuous, fast and
infinite data streams in real-time .

Di.scover-ins patterns from unstructured data such as
text, images, audio, video and documents .

Usl.nﬁ Natural Lanﬂu.a.ﬂe. Proce.ssin.ﬂ to extract me,a:msfuf.
Enforma.tr'.on fr‘om text data .

Ambdzinﬁ social media Pln.tform to find trends, opinions,
relationships and Enf[,u.erme..

Dl'.sc.ove.rf.nﬂ Pa.‘bfe.ms in Smph-sfru,ctured. data like social
networks, web graphs and bi.oloﬂi.ca.t networks .

Usinﬂ- deep neural networks to mtom.a.ticallﬂ learn
re.pre.senta.tian.s and discover complex Pa,{:tﬂ.rns.
Extra.c,tinﬁr Pa.'l:ﬁerns while Pre.se.rvinﬂ data privacy and
se.c.u.ri.tﬁ,

P&rforminﬂ data mining on cloud platforms for scalability,
flaxl'.biutbl and cost e.ff&ci.anc.ﬂ.

Ad.a.PtEng to dmn.ﬂe..s in data and environment to Pr-ovf.d.e.
real - time and up—f:o-d.a.te patterns .

Exu.mf:le. :

Exo.m.f:[.e .

Exmp[e :

EXMIFLE. H

EJICO-NLPLE. :

Exa.rnp!xz. :

EXMPLB- :

E)CQJTLP{E. '

E KO.ITLFL& H

EKELI‘TLPLE. :

Web ios-s a,naLJsi's, clickstream. data.,
social media data. .

Online fr'cuui detection , network
‘tra.ﬁl'.c nwnii‘.orinﬂ ;

Sentiment q.nalssis, image cln.ssi.ficaﬁon,
document dusf‘.e.rl'.nﬂ .

Chatbots , opinion mining, automatic

summarization .

Trend detection, brand moni.f:orinﬁ "
l',nfha.e.mcer E.d.e.nﬁ.fi.ca.ﬁon. .

Comttf detection , link Pre.dix:‘!:ian i
recommendation 555{:&”1.5 .

Image recognition, speech recognition.,
f«ra.ud. detection .

Ananﬂm.imﬂ.on A da.fferentm.[. PrI:VGCﬂ R
secure multi- pa.rfb- c.ompui:a.ﬁon .
Mwns i.a.rse. datasets using AWS,
Google. Cloud. , Azure .

Real -time recommendations ad.a.Ptl'.ve.
fra.t..l.d. d&tectc',on .

In Short :

Recent trends focus on big data, real -time analysis, unstructured data ,
Pri'.va.c3 and cloud c.omputing to make data rrum.n.s more Pcwe.rful and. use.fu[.,

deep l.ea.rnr'.ns ;




