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1.

Introduction of data Science and Machine Learning
Fundamentals of Artificial Intelligence, need and applications -
Mining, data preparation, Machine Learning , Types and Applications of Machine

of Data Science, Data

learning

Data Preprocessing, Analysis and Visualization

Data Pre-processing: Pre-processing Techniques- Mean Rem
Normalization, Binarization, One Hot Encoding, Label encoding, Data Analyses:
Loading and summarizing the dataset, Data Visualization:Univariate Plots, Multivariate
Plots, Training Data, Test Data,Performance Measures.

Statistical Inference .
Populations and .samples,Types of Statistical modelling, Types of probability

oval, Scaling,

distributions. Parametric and Non-Parametric Methods, Distance Metrics.

Exploratory Data Analysis and the Data Science Process

Basic tools (plots, graphs and summary statistics) of EDA, Philosophy of EDA, The Data
Science Process. !

Machine Learning Algorithms
Introduction to Supervised Learning Algorithms —Decision Tree,Linear Regression, k-

Nearest Neighbours (k-NN), SVM and Introduction to Unsupervised Learning
Algorithms-K-means Clustering,MeanShift Algorithm,Dimensionality Reduction
Techniques, Introdiiction to Neural Networks.

Mining Social-Network Graphs

Social networks as graphs, Clustering of graphs, Direct discovery of communities in
graphs,Partitioning of graphs, Neighbourhood properties in graphs.
Data Science and Ethical Issues

Discussions on privacy, security, ethics,A look back at Data Science, Next generation data
; s

scientists.
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(iv) Sequence Discovery Analysis

yee] 17. S Al & IaTER0T 1 87

Ki{sCA . Datfl Mining ® ARV TF credit card data mining <Al s’@mra FT 399 members Fl
buyfng habits &1 GHF! 2 Ela cardholders % purchases H analyze <h{ company 3 shopping
habits 1 study T T &, 98 9 3 o T T 3 5 FQ Ster-aren RN F AN fRE FER 6

HWEd TR w1 B
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TR TG i R R
.m‘g}:;“gdu;ﬂs H FE specific promotions offer ek (K itlf?ril!ati(lllfﬁgriﬁf::_'(.:glé;l :ﬁ;ﬂ; 3

it 4t ngaiig:glm & pattern 1 A AT ST Hehdl ¢, L = ¢ LA :

i quorman‘on FTH! valuable & & 37 companies ¥ feru Sifer advertise BT ored € 41 FwIg 79

bUS‘messes AT T Tt B e LAt i

& Online services, SIIf% Google 3R Facebook, sigd AT 1 data F1 mine F ¢ forH fF 3

targeted content 3R advertisements offer users I H TEI . "

& Google i, ¥ & search queries T analyze FT 2 98l Td popular sear chesszf m ¢l 38

specific areas ¥ 3R 3= 391 autocomplete list ¥ ST a1 @ (A o0t suggestions et & i

T B S € T FT type W 79)| g

User Activity data 1 mine FX Facebook W gd q 3TeTT-37eq topics F SAERT BIfde &L ol €,

& W fed™ ¥ 9% ads target A € Sfeh SH information ¥ S ST el 2! .

&l data mining A & &Y ¥ marketing purposes % T S&HTE fehal Tt €, e 39 -4

Q?ﬁ uses 3t B €1 ITETVT & f7U, healthcare companies 39 data mining <l &I Y 3 links I

A TFA ¢ SNfF F &89 genes 3R diseases ¥ faeg # €rdt €

ey fawr f 39 data &l MHeWﬁW%panemﬁ@ﬁW%ﬁTWQﬁmW@ 3T

meteorologic events ¥ fad & Y& STAM T Wehell B )

@l Traffic management ft 37 automotive data %1 mine W 39 =TSl I Ti;af AT < Tehdl 'E:' IE2

qfasy ¥ fF9 YR &t traffic levels 814 aTcll é 3 39 fea= 9 highways 3R streets & fera el

~ plans & THd B \ |

" U=l 1B. Data Mining &1 ST & fasar S 87 '

. IAT  Use of Data Mining 321 WIEFRT & fafesrel Raw Data ! Sii=l &1 Wl 2, fsfeeh g 39 Raw

Data § ¥ 2T T 1 ST 3631 1 Wt €, Forgant s faweroor % forg feman wmar 21
TR B9 TF fasg § 221 W7 de-ter & SEIHIel 1 &1 L ol 821 |ISf7T gRT 3797 Customers §
T STFRY Collect 1 WA §; FH—TEH! H THE, TE, A TS S ¥ % SR R Business
F1 b TOFaEl o1 Wt § SR Sale 1 SigrET ST &1 .
FETET F AR R R A §AE W HE WewR T F ¢, A 3T 5 G F TR STHFH
f{ﬁé F:za il W;’,jﬁ? A H '6:;;%?{‘:7? T HNE Server's W Save B al 2,
AR S F 7 R § A2 1 AT hid €, o ! fod e R T dewe & 3in
T{ gﬁ'ﬂﬁ?ﬁ mag;raﬁajgh 7% ¥ Data Mining GRI € Bl %, S Data Minin?iogi g
T{;%I%ll{awDataaﬂ G ﬁwﬁmww%aﬂtmﬁw@aﬁmﬁmm—am

geel 18, el AR & Sy & 87

3T 221 ﬂTEﬁ"T & manu’m Applications of Data Minin 3

%nmﬁ:mmﬁmﬁmﬁ‘aﬁaﬁ%—pp g TR N SEA W SN R feeny AT
1. :eah‘hcarg(W)Eﬂhﬁ @WWW%W%@ W W@ T S 2w

ospitals nWﬂWﬁ?ﬂTémuﬁammwa@ aﬂa{mwﬁ_@ e

2. Market® 81 9 221 713501 3 10 customer % behavior %1 7t ST T TQ
# fF A customer 7 FT TR @iz # @ 98 3@F @ ST &1 TR g Sl

' ; - RS Eﬁ?—?ﬂ AME |




et g Ot Frefler Sifefer o StEraEE s et . g

RER] 221 Tl By E’T‘{%;-\S[lldcn[ - szu-h # predicy vt .
F9 fawdt student I teach & 3R F1 teach H) '
syrepe @gd TR frauds B 7€ € Fora mall @il 26 e arafz ) e

3. Education (f21&T) &
g J W Faw© asﬁ; :
4. Fraud &1 detect '
?lwéaaﬁﬁ‘éamﬁﬂmmél
ged 20. Data mining AgR & WU faRaql

3aT  DataProcessing ¥ Basic Stages
= "
0T BId 68— |
(i) Input g 9TH, input data
T form procesing\machine
el faRd S &, 9 input
disks, tapes T 3 Fol
(i) Processing 79 =1 ¥, input dat
1 3T % feg, fedl company
ceelisici ]

data ! fergit

T sales

Al processin

¥ R el Lt

a @l produce data T Sgc Sl

| h\

Basic stages H data processing cycle F @1 Y Y i

g-a: feTu T convenient form = prepare e <t 21

'g?l 3Jale vl o faq, 519 electronic computers @l

Th Tﬂ?[r{ medium ¥ store fepan STl SHAfF magnetic

& Siifer SaTal ﬁseful form Bl
F{ & fAIU sales orders El

# summary calculate

21 collect &M STl @1 Output data i

j i & result
iii) Output 39 =T, 2% qd & processing Step
" I3 particular form T FW A Tl 3 fr 39 data I ﬁm"{? GEES '@3’@% fopan <l R
# I3 employees & pay-checks R g Tehd &l

IeTeT0 & [T, output data
qeeT 21, FA affT & 9 T aHE 87
3T 7o @ Mac

programmed o g3 ESLE|
3 Al F1 TF ¥R I application
397 experience ¥ learn 3R improve <h{
341 program £ input 3R output I

a9 &1 learn St

hine Learning Tk Rl

2 S system 1 98 ability QT Tl
g% Il T &9 Ueh UHT program generate Y Tehd
integrate Y ST T Bl

2l |
T forgg a8 automap’cally

St fom

uZgd 22. Artificial Intelligence 3k Machine learning H &1 3R 27

3T

Artificial Intelligence 3ilR Machine learning ¥ 3R

Artificial Intelligence

Machine Learning

{U 1 full form 2141 2, Artificial intelli gence el |
intelligence #1 define feran Sirar 81 U UE ability
21 97 knowledge &1 acquire Sﬁ'{ apply fera1 ST

3
4

ML 1 Full form 21 ®, Machine Learning 5
define {1 ST & 1% Wk SR 1 feature ¢ forad
expegence ¥ knowledge 3iR skill I acquire feraT
SIGIN]

THFE A AZA F Al a9 ol 2

THH AT HIST T Tl ) M e

3 computer prog
smart work 2191 2

Tam%ﬁﬁﬂﬂﬁﬁ?ﬁ?ﬁrﬁ

T8l F TF simpl i
ple concept machine 2t ¢ Sifew
data BT FTEt & 377 T learn &t B

!'TT'ITI main goal ":?, natur
snmulale F01 Faom 7 Co
0|

al intelligence !
mplex problem solve T

—————e

WSEIISI main goal & & certain task § data learn

o A machine % performance @
aximize FX Hh I specific task F for

Al 77 %1 dec

1s1on making gy 2

ML allows H?T(‘ﬂ:é} system @1 fS9Q & data @ T4

Y learn w7 w3

e e e e
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e e e e e o e e e e e

& self learning =

———————

a QEF S system develop F%dl & Sfeh EFl Fijzgd A &I involvef:“'{"b'ﬁT
mimic F T Y A few circumstances § 314 |algorithms create

‘ﬁ respond Y Heh| g —
- S lution =@ =
AL TR R i i et ML Rt problem &1 e 7 59 1A
problem @I optimal solutlon@ﬁ .  FryaTe TG #
' @l 2 d optimal &1 4T A g | ©!

Al sTfER 3 intelligence 3k wisdom Ft 31K lead |5 ML (Machine Learning) Knowleldge Fl 2R
@A R lead T €1

U2e] 23, wei affn v & Fwan 87 | g .
ST Online shopping ¥, W&l ecommerce websites T TSI HUST A A § o Fﬁﬂ"ﬂ

= wiey €, =% 981 W 3= I & fAT unlimited range ¥ brands, colors, price range 3R j‘l@ﬁ
Wﬁ'@@q_é;gﬁnhne shopping ¥, 9 W& & T =it 7E Tg T ¥ gfes &9 Fga-Hi ?ﬂf’“ =l
Tea TEn ¥ ol wE H TE B §, T e ¥ oy o wed W items@@ﬁ?r-rr@%‘l
5l Items ! T«l@ﬁ—ﬁ advertising platform target &Y q & fe@ g recommended }ift R iterps
feraré T ¥ T &0 el Wiel ok o | SHH ST STt O 1 SEXd Tl € i 4 By
T T X @1 © dfch 39 task H $S TH program H fazn w2 oEE 3 AR nfafafeal i
S X FH | 3
39 =19 % AT Machine Learning 7R ¥gd M aTdht & Fiifs a8 AR behaviour i 9¢ o € 3R
4} e ¥ 379 experience ¥ T4 &I program Y <1 & zafeu et o=t data faerm 3@ &
37=5 ¥ learning models ST TR B 3 customers H f 3H fEEE T o9 g
R BH Tradition Advertisement ! ST % T8 IEH newspaper, magazines, radio & g, wfeh
319 technology 9I5al @t 2 9 ¥ smart 9 S T T B WfE Targeted advertisement (Online ad
system) T = W@ R ' :
J 9gd 8l FIR fafu g <ife fak targeted audience T &l 319 advertisement show {d & e &%
conversion rate SIGT &Il 2l d" " »
a1 fad Online shopping T &l ECRGRIE %, wfceh Health Care industries § Wit Machine Learning
3 aga-8 31 frd TR 2 -
Researchers 3T Scientists 379 TH models prepare fF3 T & S cancer S 512 1 =1 ve=r ™ ¥
ferq ST 21 machines <1 train FT € 9% AT 98 T machines ¥ cancer cell images feed X faT
2 9hfeh actual ¥ cancel cells o 3TT-3TST variations %I ‘
W Tl’ﬁj‘a—;tests & <A H ML System gl FEIHIE o ST @1 Cancer cells Y detect F 3 TG,
:TITT%T Fer ST T time taking 1, S 9ET & F W ¥ 90 W61 % WISH 3 cancer test
R0 7 e T el T e e e o Cougleeis e
e P achine learning %1 QWA Tl WX 3{x FQ F
it e e AL Ak A
» HEEy © : - 7l quality 1 data Bl @ It ) 3= model learning

Zrftl 5 fem algorithms &1 9 38 21 A desien FRe

0 \ ¥ Y el ¥ dES[gn G STl ?‘ r\?mﬁ as . '+ a
R 5 2 2 past experie I machine

future actions 1 & 1T p perience W mac
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| : g S0 = w0 bl e a?: es of Maclhine Learning
TMach?:jje:‘:j; :r,- ;ﬂ‘ﬂ a;;v:r% QWiée appllicag_ons 2 SIf% banking 3R financial sector,
healthcare, retail, publishing ERLE }nd;st;;f‘:m; i M R —hoed &
& gxil;;ﬁrfiiﬁzz:; t:f:g;n:;;a::;:fh behaviour WX 2 e 8rd ¥ i, 3/ targeted ads

Bl 3 .
(iii) ﬁa::l::ijing =1 M multi-dimensional 31 multi-variety data FI handle 77 & faw e
» ic environments &1 ; _ o 09
i (iv) ;mch% ‘ol? iﬁ d:; ;m-gzh—q g time cycle reduction BT 2 37T resources T efficient utilization 0
y v achine learni
fepan T el 21 | . SN
(v) SFTC % < & 5 continuous quality, large T complex PrOQ%f'S environments <
qlﬁja |
falw o9+t 399 machine learning % RO, LG 39 too;a it & 1 5 practically —
(vi) @ Machine"Leaming% beneﬁts% ST dgd Rl = e il er
&1 37 TFd &, 9% autonomous computers &1 development, software progr 0|1
@ T process ¥t ifE @@ | automation of tasks B TR T | .
wofs @ifT & @19 Disadvantages of Machine Learning "T‘éﬂ’*[ Flﬁ’[ e ?fl'q ‘515;1. fafad o
(i) Machine learning ! T major challenge Bt %, Acquisition foraH, d1ffe1§nt algori '
based B data ! process frdl I % 3t 3§ processed e Gﬂ'ﬁT Fﬁ.ﬂ'i resp;c;v%
algorithms ED input ¥ fea@m 9 =9 FE 9 TEdl 'Q'Hﬁ'l'q Tl significant impact
results % 9T S T achieved AT obtained fehan 2l
(ii) TF 31K W= B 2, interpretation. RTEH TAe € FF results ¥ TH WA major challenge 21
709 ¥ determine HET Bl ? f% machine learning algorithms i effectiveness farart 21

(iii) Machine algorithm % use limited B3 81 |9 & ¥ 9}t surety 7& Bt € fF algorithms TheW |kt
imaginable cases ¥ ¥ T S|

(iv) Deep learning algorithm %! T &l machine leaming'ef ot El@"cf—'@ training data  S&Lq B 2
(v) TF machine learning ¥§d & notable limitation &t I8 ? T 9% errors & 94 ST susceptible
Gl %I»Brynjolfsson 3R McAfee 9% actual problem & fawa o A =am % IESER &8 error

T ¥, T8 I diagnose AN correct FAT TgA T HT el 21 e THEAT B T HAE B
underlying complexities % -9 § NSISH B 2

(vi) 9% machine learning system % ®Y immediate

Bl & W 5 37 5[ A historical data ¥ € SRR learn H 1 wafere et <ome 92 data
20 SR Rt STt 2T A ML B expose fe ST, 393 3 sk i A& perform F Tahell 2|

(vil) SHIET Variability 1 7 &1 it machine learning %1 W% & limitation 31
ueel 25. wRit aff ¥ yer s 37

JTT  Machine Leamning & YR  T&4q: 9H YR

1. Supervised Learning 3 learning ® e F Y § [
L Labelled Data fo=1
WA ¢ 3 R TR T [abelied

data % ay Example 991 Answer
ata TR
Supervised learning 310 1 YR F Br W& Result 1 I o R

predictions 7 % =g & FH possibilities

RNIERC RN R0 -
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i i e STl TEN
o Regression (ii) Classification £ answerl qﬁﬁ R A—
2. Unsuper\lised Learni T T FwqH labelled data Rt
o %ae;";:gn . ST ST S 3| Unsupervised learnin®
i FAR®
(6)) Clustering  (ji) Association _ : 3 peward 3 Feedbackaﬁ Y
3. Reinforcement Learning 9 learning ¥ T L HBRR
‘ o use T B X
W21 26, Hxfty affn ¥ sruam (applications) ¥ & i Sf S # Machine

¢ Machine Learning

JTT el & & ﬂﬁﬂﬁﬂ Applications © ; . et TR %—
Learning =1 %3 Applications’s 2 T € il T;T; § 3—? 1 9l gH T

(i) Facebook gFENR  HHgF H T ET‘ﬁ ki W . ond Taggin Suggestionﬁ ERIEIEIES
W%aﬁtwﬁqﬁﬁﬂﬁﬂmWﬁAutomz{thnen aggﬂg ﬁ%m%aﬂx
TSI Face Detection #R Imaéin Rg\cognition 3 TR T HHLP
fareit Wi o 3 I e I _

(ii) Shopping Websites 39 3R s WaER F % & s e e mgg;ﬁ?
mﬁgﬁaﬁﬂﬁﬁama?rawﬁ@ﬁ%ﬁm%ﬁ 3 Amazon W ET Pl
W‘&’Wﬁmmﬁm@?ﬁmw@éﬁﬁraﬁ%ﬁ YR TR TR | J$ fogrm
3 3 7% W Machine Learning 1 AT € Fore THTeT S9! & nfifaf =1 @ @ § e
ST I e famr feam 2

(i) E-Mail Spam Filter E-Mail SRII Td oA S0 @1 811 3 fak TA SFW H Mails §
et § 5T & ok SR Spam Malls Spam T & T Wieed ¥ welt ST € @ 3k 99 of
Machine Learnings@ﬂ:nﬁ B T et '3 fS™ Machine Learning I Automaticallyﬁm"‘éﬂ %P-ﬁ EQl

Content 3R Source Detect FX f&rar STl iR e TeId 9 M R EHA H spam Y f<@n s

2l | |
(iv) Uber 3T 37T WA & T Uber 1 TRIWIA HYd & M 794 2@ 81 69 e | Uber &8
FET FI Location HT Tal TN el ®, Real Time § TSl # Actual Location St ferad wd ¢,
SRR I R B SR G I F AR Y o 1 et @A $ S W @ 9 w9 W e
Charges ¥ HaTal ! %1 WAl € W 7€ ¥ Machine Learning ¥ 9 e 81 wrr 31

a9 g4

g

g o

el
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Data Preprocessing, Analysis and Visualization

st (MCQ)
NI Nodsy @ in coststent @B ger) & g @Y= ulim o sud) Bz
() Data cleaning (b)) Data Reduction
(©) Data integration () Data transformation

JUIN, () Data cleaning,

NNET 2, T Y @ e Rsar Y aga-@ data sources B THATT combine B s 37
(1) Data Reduction (b) Data Integration
(¢) Data Transformation (d) Data Cleaning

Juiv (b) Data Integration

west 3, T W R A-11 data FAER P g @ S g7

(1) Inconsistent data (b) Missif)g (:l:lm '
(¢) Noisy data (d) 38 Y HIg e

Jxiv (¢) Noisy data
ued 4, frafaRaa % @ @S-t 2 MR (data normalization) T&-1d g7
: (a) Numerosity Reduction (b) Data Reduction
‘ (¢) Clustring (d) Decimal Scaling
- Jdd¥  (d) Decimal Scaling !
- we 5. {5 ufisar A fieh attribute % <rer #) wha fsa s § @ifds 98 w S Soft A o e
WA fF-1.0F10w00T 017

(a) Aggregation - (b) Normalization
(c) Binarization (d) Clustering
3d¥  (b) Normalization
- Uesl 6. e eifafg uftsar # wan gran 7
| (a) =1 1 fafiem (b) BT &t WG
(c) ST H A (d) 3 g

CFET (d) A |
- yee 7. aﬁq—;ﬁaamgmaaﬁﬂﬁﬁﬁﬁaaﬁﬁéaﬁmmﬁuﬂam%?
: (a) TEARREH TfAra (b) Sifeferea Tt
_ (c) Sifepfea wmfatga (d) Wiferfea wafafgg
3T (o) Siferfieg wfafay
ms.ﬁmﬁﬁﬁmmm“m%mﬁqa@m%mmmé?

(a) Charts (b) Maps

(¢) Graphs (d)'37 94t =
b 3T (D) Tl
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dec: £ (data normalization) @@l& # attributes @I values ”
€cimag] Points § change far st g7 i

(@) z- i
Score normalization (b) Decimal scaling

() Min-max normalization (d) ¥ | ¢ T
(b) Decimal scaling B

wUs ‘37" : Sifderg sadta uos
TR 1. e - e 7 37
EieEa Mean Removal, Scaling, Normalization, Binarization, One Hot Encoding and Lable
Encoding S ¢ w1 s @ 221 A1 M-9dT fpar o1 T 1
U] 2. 9y ey (Mean Removal) 3 31T &1 JHIA 27
IAT R A H i e T R 9 e W-srafi a2, e T gl
HIER TehTer o for e S 2 i oe Y W 3R ) o) T giaen § Ehe @ g ¥ ot v

ST

- R

s 3. FawelRa w7

JCUT  TUH G T THR % ST 1 T T H T ST § 31K S noisy data BT & 98 FeRe
% STET 2 W 2

U<Zs] 4. Regression F4T 27

3T 34 faf¥ ¥ regression function =1 Y41 fRT ST B Regression 1 YR 1 Bidl 8—linear
3R multiple.

Ueel 5. Noisy data ¥ 3170 &1 GH3M 27

J STT  Noisy data useless (SehT) T2l €11 & A1 38 machine % &I interpret &I fohaT S wha

'%, ?ﬁ'ﬂT’f (faulty) E121 I collect HTA 9 U4 data entry T errors 319 37 | noisy data 39~ |
S Bl ‘

Ueel B. Data integration ¥ 31U F41 arcad 27

3T 39 step W 9Igd-H data sources %I T WY combine T STam 31 9! data migration tools
3R data synchronization tools T I &{eh fomar ram 71 '

WUs § : g Od e 3ud wos
weet 1. et R-maR w27
3TiT Data preprocessing T data mining Tt ® FTEeht W4T raw data "‘:IETUITTT SR gt
format (¥9) ¥ agen & fag fman sm R
Real world & STl data BT € 9% 37 incomplete (37T, noisy 3 inconsistent BrdT 21

Incomplete 1 Ha@d & f&F I0H attributes F1 Ht Tt @1 noisy &1 waera & fiy T erros B T

Inconsistent &1 34 & f S § fadmfiai sk <@ duplicate BT 7|

Data preprocessing steps  Data preprocessing ¥ frefafaa o gy #—

1. Data cleaning SI21 9% irrelevant (3THTd) & Tl 8 3 T0F T parts (fr=d) missing @
TFa ¥, 75 1T data cleaning ! 3TaYaeHl TSdl 81 THF i missing data, noisy data 313

1 handle fFaT ST 21 | |

(a) Missing data W@ﬁﬁmﬁ%mmﬁﬁﬁmmissingmél THH! T
smafafiaa W 9 handle FT T T—

1"&; ' &1




S e fe el - SR R 21

@ ignore BT Hﬁapproachﬁﬁ?qgﬁ@ﬁ%ﬁmqmagﬁﬁéwﬁ

(i) tuples,
dataset BT & 3 T tuple & &L FEd i values missing & 2l
missing values BT ill BT zﬂﬁﬁ fill FEHH a@'ﬂ—'{?{ GHED G| 21 3 3@ manually 9 fill

X TR Bl
(b) Noisy data Noisy data 3 2 useless (9FR) ST 21 © a4 39 machine & g0 interpret
et fan ST Hehdl 2, ?ﬁq‘ﬂ’f (faulty) ST @1 collect g Ud data entry T errors A A

¥ noisy data W@W%i @ﬁﬂﬁ@ﬁm'@ handle ﬁ?ﬂﬁﬂﬂfﬁ?ﬁ%—
(i) Binning method ¥ Fafeq =1 WA sorted data T fehaT Il 3| gl R data P! THIAM

size % segments H fAsfsTd 3 fean e © 3R fafi=1 methods T 0T task 1 T HH
¥ fou fFa & el Y% segment I JTT-3T handle fopan T 2 '
(ii) Regression %9 fafyy A regression function 1 T iR S €1 Regression 3 FHR H

2ia1 8—linear 3R multiple.
(ii) Clustering % &1l WA ST & data Tl TF cluster ¥ @1 =l § 37K SN noisy data

B C clus_te_r% e 8l STl %|
2. Datatransformation 4 step ¥ EW, data ! data mining ! SfsHAT ¥ ferT STArT form T el

S 3 T FreAfatad ol A §—
(i) Normalization Data values 1 T fafiie range ¥ 919
ge & fau zmeH :
range 8—(-1.0 1.0 W 0.0 ¥ 1.0). o ‘W IR
(ii) Attribute section 39 @0 & 7T attributes ! A T attributes o set & fAfia feran STl 2l
(iii) Discretization 3! FANI i i ' '
Sy n numeric attributes ® raw values @1 replace T ¥ forg fman

(ii)
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(iv) Hier\archy generation  SHH low-level % attributes ! high level attributes N G2 fam s
5 Data;R -a.ttribute “city” Y attribute “country” # s& fean s 21 x \

' eduction  Data mining & et e & e A Sgd e WA data F1 hande
T % fer o a4 T T 3% data F W9 FH FA & RO FH-F0 analysis T A0
i & v ) TH R A gL A F T & data reduction technique 1 Eeil ?ﬂﬁ 2
technique 1 &7 3L storage & I TGHI i analysis costs @ HH HTA g 2
Data reduction & steps frefafaa §—

(i) Data Cube Aggregation Data cube %1 fafifd &7 & fTT aggregation opeation Fl data W
apply f&an <mar 21 | '
(ii) Attributes Subset Selection 5 34 attributes 1 ST fehaT ST 2 3 AV attributes F
discard (§) = fan 2 '
(i) Numerosity Reduction 38 S R data ! TR FT F a9 &4 $9d data & model H
B F 2
(iv) Dimensionality Reduction Encolding faferi % B 9% data o size S A 9 2 B W@
lossy T lossless A H 9 FE o B gl 2 Dimensionality Reduction ¥ <1 99E methods
®—wavelet transforms 3T PCA (principal component analj(sis).
Ueel 2. Normalization ¥ 3MUHI &7 Hadd 87 ;
3G Normalization %1 S9N R attribute % T2 9 Thel %A & T ffFan i @ i a8 &
DI SR H o1 S S8—1.0 /1.0 71 0.0 W 0.11 T8 TR0 THIReA & fATT STHAR W STart €1

: ,_;f Methods of Data Normalization '

(i) Decimal Scaling -

(ii) Min-Max Normalization
(iii) z-Score Normalization (zero-mean Normalization)
U2dl 3. Decimal scaling & 31! 71 aftwra 27

3Tt Decimal scaling U% ST HHHIYT (data normalization) T =l 39 TFhe H gH

attributes &t values decimal points § change ETG] %I Decimal points &t I8 movement ‘{ﬂ e ¥
T+t attributes 1 values % 9 ifan qer W fslt s 2

Decimal Scaling Formula

A value v of attribute A is can be normalized by the following formula
Normalized value of attribute = (vi/10j)

Example of Decimal scaling

OGPA Formula CGPA Normalized after Decimal scaling
2 2/10 03
3 | 3/10 0.3

¥esl 4. Min max normalization & 3MUHT 1 arqyf 27

JdT  Min max normalizationmﬁwmﬁ%mmﬁmmﬂﬁaﬁﬁﬁ 2 |
1 A 4 0 W T 1 S €, s 71 1 A wew s i
Zomera § uftafia 2 s 3 T Fe S 5 031 4 T

e )

P S :
g Y I




Min Max normalization Example

ﬂ-——‘-‘_‘
Marks |
—
8 |

; 10 ‘
’ 15 f

| 20 7

The minimum value of the give

Max:

The maximum value of the given
V: Vis the respective value of the

newllax:
1
newlhIin:

0

For Marks z;s 8:

For Marks as 10:

For Marks as 15:

For Marks as 20:

n attribute.-Here Min is 8.

attribute. Here Max is 20.

attribute. For example here V1=8, v2=10,V3=15and V4=20

) — mi . .
L= (new—maxA—newm1nA)+new—mmA

=
max 4 — Min 4

(V-minmarks) _ (;opMax — newMin) + newMin

Min max = -
: Max marks — Min marks

in Max=8=8a-0+0
20-8

Min Max=£0—)*1
12
MinMax =0
MmMar=(1°'8)*(1—0)+o
20—
Minl\rfang-z—)*l
12
MinMax = 0.16
. (15-8)
MinMax = ——=*(1-0) +
T 1-0+0
MinMaxz-U—)*]
12
MinMax = 0.58

a2).,
12

: 20—
Manax=(7—g8)*(1_o)+0

MinMax =

\‘. . .
_ ST wEg aite wefler cifeler o STt SRR, wens R v ey
| e 23,

h‘
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Min Max >ati
normalization formula ___/—-//’;r;alizaﬁon
3"““‘“ — | mMarks after Min-Max 11 1
| e LN, Marks — 0
(et s e L
o 10 0.58
Ll 15 1
i 20 LR

U¥ 5. alizati o & T T TE 87 \
33"155 gﬁ%ﬁ@ﬁmm%nﬁwzwm@mﬂﬁmﬁmm

T w7 § gEN 4@ o
Z-Score formula

Score Mean

SD

How to calculate Z-Score of the following data?

Marks
8
10
15
20

=12
S = ’E(x—x)
n

Standard deviation = \F(every individual value OJ; marks — mean of marks)?

Mean of marks = 8 + 10 + 15+ 20/4 =13.25
_ \[(s —13.25)2 + (10— 1325)2 + (15-13.25)2 + (20— 13.25)2

4
. }(—525)2 +(=3.25)2 +(1.75)% + (6.75)
4
.56 + 10.56 + 3.06 + 45. :
=F5 e b 56= **-*-—8674:\/21.6 =46
4 4
Mean = 13.25
Standard deviation = 4.6
x-y _8-1325

ZScore = =-114

o 4.6



A ———————

_3TeT ar aite #efta ciferer = Sten sh-Sirifim, wreme e v .
ey 25 e

X—-p _10-1325

ZScore = =1
c 46 s
x—p _15-13.25
Zscore = = =
c 4.6 =
x—-p _20-13.25
= = =1L
ZScore = 26 4
e Marks aft i
Marks ’ er Min-Max normalization
8 ‘ -114
10 -0.7
15 0.3
20 1.4
. ygel 6. Binarization T 87 ke |
' & S & SR 3 Ao 7 T el 8 S € S oS & e A e

3dt Binarization :
ﬁ%eﬂﬁﬁﬁaéaﬁ%@wmﬁ image &R 0— 255 TagH | 0- 1 F ¥ e
3l discrete attributes %! binary attributes

binarization '3’! Binarization continuous attributes

qfafia w0 F TR

Simple techniques is :
Assigning numerical value.
Finding number of binary attribute required.
Conversion in to binary.
Say there is an categorical a

Assigning numerical values :
Numbers assigned will be between [0, m -1]

For ordinal attribute — assignment follows order.

Finding number of binary attribute required :

Say n be the number of binary atttibutes.
n[log, m]

ttribute with ‘m’ number of values.

Conversion into binary :
Number assigned is converted to its respective binary value.

Ex: if number of binary atttibute is three in numbers, then
2-010

if number of binary attribute is four in numbers, then
2-0010

Lets us consider an example to learn the process in detail.
{awful, poor, ok, good, great}

Attribute Values Integer Value
awful
Assigning numerical poor ;
value ok -
2
L good 3
great 4

‘N E————




™0 f
% VoW e questifnBan

e \

Idenﬁfyi ' (’T&T
of bip N8 number | Attribute | Integer *1
ry attributes | Values Value ]
: awful 0 P
; = [Ing m] poor 1 —
*®» n=[log, 5]~ 3 ok 2 ]
good 3 a0
e i S great 4 |
el 1 —
Attribute Integer X X X3
Values Value lls'|
] awful 0 0 0 0
Bmar).r poor 1 0 0 1 Rk
Conversion ok D) 0 1 0
good 3 0 1 1
great 4 1 0 0 >
Attribute |Integer | x; | x5 | xg
Values | Value _
awful 0 0 0 0
r 1 0 0
Complication polj 5 0 : ;
0
good 3 0 pEESESEEE Relationship exists
i el between two attribute
great 4 1 0 0 |

Overcoming the issue

Number of binary attributes = Number of values

- uesl 7. avfta & (Categorical Encoding) &7 27
LT s wg, el ot wifeR e N 9 ey
i (categorical variables) | T& W¥iA Had T3+l
o o T A i affn weien F e o 3

Attribute | Integer X; X, X3 Xy X5 ]
Values Value
awful 0 1 0 0 0 0|
poor 1 0 1 0 0 0
ok 2 0 0 1 0 0
good 3 0 0 0 1 0
great i 0 0 0 0 J

W B ¥, St & wo—re Softag
TR il B TE text B W T a3 T
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Computer Data

01110101011010101
10100101011010101
01010101011010101
01000101011010101
01101010101001100
00101011101100111
10101001010101010

Your Data

faa 2.2

TE T& TR cal Categorical column 1 Numerical column 7y a?,’a‘vﬁ @l aﬁgm 3l
W‘iﬁﬂ@ﬁﬁuﬂ:{@ ﬁ?ﬂm'ﬁ@tegomal WW;@% i
Different Approaches t Categorical Encoding Categorical variables ! handle =
-
(i) Label Encoding (ii) One- H(f‘;(;dmg
‘ codin T ST &7 -
m : ?glsgwéama mm,uﬁwmﬁmﬁmﬁ%mwﬁm
mwéléﬁ@%ﬂw@aﬁaﬁmﬁﬁqﬁaﬁﬂm%
Example
A-0
s B — 1
'- c-2
i D — 3 ‘
& 'E 4 |
]
5 . India /’L____ /7;2209—/
i us foas= 8 o w1 65000
| e [T 4 98000
, " Japan ’/”&’/J /ﬂ/J
; : //
o[ commmy | Age [0 salary R
| e, 44 72000
A R S 34 65000
e L i 98000
- 2 i) 45000
L - 34000

As you can see here, label encoding uses alphabetical ordering. Hence, India has been encoded

with 0, the US with 2, and Japan with 1.
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o s s 8

Challenges with Label Encoding  In the above scenario, the Country names do not have an orde,
or rank. But, when label encoding is performed, the country that the model captures the

relationship between countries such as India < Japan < the US.
This is someting that we do not want! So how can we overcome this obstacle? Here comes the

concept of One-Hot Encoding.

-2 T=hifen Mﬁm%mkmwgﬂiﬁwmélww guftag fadrm §
a&ﬂawaﬁm%mmmaﬁﬁﬁgﬁmﬁmélmwﬁmwﬁ@gﬁm

& ¥ H g S _
“gA-gf TERIfeT T W SR W YBRA B1

0 1 2 Age - Salary
1 0 0 44 72000
0 0 1 34 65000
0 1 0 46 98000
0 0 1 35 45000
0 1 0 23 34000

Here, 3 new features are added as the country contains 3 unique values — India, Japan, and the US.
In this technique, we solved the problem of ranking as each category is represented by a binary

vector.

ueel 9. Srel iR & 87

Jax S eAIRi e Tares o 35w ], f 81 Raw $R Unstructured 31T A
YA SIAHITEET FeTel ST §, i FehTell T2 39 SR o U 9 gsrelt foig faa s a6
Data Analysis ST & =TT &1 Friteror Suet Srafi, weftf, giawiii iR aisfem wite g 21
=7 93t ufRael o1 3 S Raw ST H 3794 T ot TR febret ot St ©, aifer 39 STt
F MR W g i fag s w6

ugel 10. ST Tl T faar s 872

JOT ORI O F % 08 w1 FR0 9 R W ST e ®, dif ™
m%mmﬁwwwﬁﬁﬁwﬁwﬁaﬂtmmgﬁmﬁl =
TR T ot forelt oft farst 1 o v few ©, SRl W e ¥ fred e <e @1 9
T a1 et G & g1 faverqer e s € it Ty 1w w0 whr ¥ g e A
?;’Hagqél‘_ﬂm 2, f5a ag foema @ SEUCERIURSIEET Rei i) i i ) g, o= Processed Data @t
&1 IwAht SRR § oo 1 Rroe 1 R fire s 21 Sereer % ok WS R
W$mwmmma,mﬁaﬁvﬁwwmw§wm@ﬁ§ﬁm£$
& AN M % fag 3fa ok fae sm 2

U251 11. Data Analysis @ ufsear &ar @72

FerE 3w el @t wfan Method of Data Analysis  fFEt Raw Brr % ¥ syt sHEH
fTer % feTu Data Analysis processmmﬁm%mmé:wwqgﬁmé%wmﬁ%
e g1 wAfaf git @ ol @ 3 Sy S e e w0 e 2

2 wfafan Gy F siadd smfafaa o wmie 8 —




Data Requirement

o e 2, s R
WWWWMMWﬁWﬁWﬁW%,ﬁW AN v 7 afs e
. Wl i
%aﬁmmmmmaﬁtmmw%_m

o 7 T e A
ffl = 'él grel FoAaNH 3 gl LE Internal Sources

yee 12, el TaRi 3 ga fafaul |
- 8 3 3TN Application of Data Analysis  AT® e § <21 favermu =

mﬁﬂﬁ@aaﬁfﬁmm%—

(i) Business organization mﬂmmﬁaﬁ'{ gy Fofg @ & ke et
aﬂm%m,mﬁaeﬁmaﬁ%m,mﬁmﬁ@mﬁm%m,m

' ﬁa@ﬁaﬁﬁﬂﬂwmﬁw,emplowes%
fﬂ'&mﬁaﬁﬁéﬂ@f‘?{mmmmm%l

(if) Security Wamﬁmm%mmmmwﬁfwa;mmmﬁfm
m#mﬂf%wﬁ%ﬁnﬁmwwﬁqﬁwﬁaﬁf@@%ﬁwﬁﬁmm%l

(iii) Transportation Data analytics %I & ﬁmﬁrgﬂﬁ?ﬁ%l Al d
mﬁﬁmmﬁmwmﬁﬂéélﬁﬁéﬁﬁm%wmww
wﬁmwéﬁmm% Sqd FTh T deat A
mmmmmmél |

m@awméﬁmﬁmﬁﬁﬁ%aﬁmmm

(iv) Fraud and Risk Detection  #H(SS
ﬁaﬁ%ﬁiﬁmmﬁfﬂﬂmmm% <1 T B 3UAr

@@aww%n

frm T T SRS
mwa@mﬁ@mmmm%ﬁﬁﬁ?—@mméﬁ%aﬁ%ﬁw%aﬁtm
mﬁmwaf%ﬁaﬂwﬁgﬂm ' '

fo st 1t

(v) Cities Planning Q@ﬁmm%WWW@@WCiWWﬁﬁ
msﬁmmm%mmﬁwﬁgﬁm,mﬁr&aﬁtgwﬁé%ﬁgﬁmﬁ

ﬁmwﬁﬁmﬁﬁmmﬁﬁgﬁmaﬁ%l

(vi) Healthcare m@mﬁwwaammmﬁ.mmmm@m
%maﬁnﬁsﬁwaﬁéﬁmmmﬁwé,mwnﬂﬁmmm
aﬁ%ﬁr@mm%wmaﬂﬁm@twmaﬁmﬁmﬁmmm@%l

(vii) Searching o9 3o SfF Google, Bing, Yahoo Hﬁmm@?ﬁw@mﬁzﬁ %
mﬁmamm%mm%mmmﬁmmwm%

(viil) Digital Advertisement  f&feread TegRiEeE T AT F &7 H TR CHfaiedd
m@m%luﬁﬁnﬁﬁfﬂﬂmﬁﬂg%ﬁ?%ﬁaaﬁqﬁaw%m;m
g;rﬁmﬁ{aﬁmmm%l

@ T wEE W TRl T % F9 N A HE §

Price Comparison, Gaming, Speech Razngnition I %; a@ﬁﬁ_Amine Route Planpine;
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$13‘WW%wWﬁwamaﬂmu -
ik Met}i‘fllmm > %ﬁ%ﬂ Types of Data Analysis  BTeT TAIAGH & F& THE Technique
Mefafan v § 2
tamamﬁrﬂDescriptiveAnaiysis %mwﬁaﬁummmm@\w%,m -
mew@mélwﬁﬁaﬁmﬁﬁé@ﬁmwﬁwmamm ;
ST ST Y g T a1 WHRY I 9 Seped T 48 sam 5
S e BT ® (what happened)? :
AR W descriptive analysis T YA Key Performance Indicators (KPI) e & faw |
o2 i 21 KP1 9 7eg | T WA =i © e g g S % SR W e
H WY 9 @ R
2. SEAAIRE® eIfeiRIw Diagnostice Analysis 8! ST I WA & fag fkan s 2 f
TS =T gaM? 319fq “Why did it happen?” ¥81 ¥ ST 1 faveiwo Y 41 81 T8 S & |
RN Yo H TEAH w1 N WeE Al B
3. WMfsfaea e Predictive Analysis 418 STETsd ST ¥ 3THR W I ST &1 NAIT 341 &
foh ‘R B = We 2" (what is likely to happen?) TTHR Wi § &2 O 6 fUsal 8@ |
& YR R et & aRom & IR F el H S 21 A geeE o ARl € e
| BN TR e vfasEmdt wt S Sk orer i 9 ¥ STy ST W AR S B
4. Mifkplica eI Prescriptive Analysis a7 FTE! ITERT BT TS das & S
@ﬁ%mmﬂﬁ?quaﬁwﬁmﬁmﬁaﬁiﬁ@?ﬁ%lmmﬁﬁ
Tl A S HHA § fF adue uRifE § fed awen $ g ¥ fae S0e 5 -
fofa < =nfey)
U2l 14. ST SRR & oy a1 27

3T ﬁ : STET TATETSRI™ & @9 Advantages of Data Analysis  ST2T TS % @ oY ffataa
'gq oS
(i) Improved Decision Making 4% forslt +ft T & e SR iR SRR Hae st & o 3
tra?;m'%laﬁ@'q&a&ﬁ%waﬁmmmﬁmﬁ%waﬁaﬁﬁma@waﬁ%l
(i) More Effective Marketing & WTgeh o %9 1 S dile & GHeM ¥ HSS 9l & forad S
azmAdscampaignaW'aﬁm%ﬁﬁmﬁémaﬁ%ﬁmﬁﬁfﬁWmm%i
(iii) Better Customer Service STl UATTACST 1 STANT FTF A& T ITH STIYIHAST & TTEH
amm?wmmmélwmaﬁﬁg&%waﬁm%aﬁt@mﬁmﬁiﬁﬁﬁﬁm%ﬁ
TR Tl B :
9ea1 15. Data Visulaisationﬂm'ﬂ’mm??

3UT  DataVisulaisation 3121 %I Graphical a1 Chart % &Y ¥ Y& %73 1 T 2 o s 1
Visual Representation &&d &l

121 % 39 Visual Representation ¥ SI2T &l HHAT, Analyze FT1 SH W Research 47 3k 399
THE w95 A 8 A )

FE- ST T 2T % ol SEA-3Te WE H Visualization F T T e <3 21 3t T
EA Graphs 7 Chart % 3fetral 37 sit &3 q8D! | Present fFa <1 T '{3; SR—Info graphics, dials
and gauges, geographic maps, sparklines, heat map, and detailed bar, pie and fever charts 37fg|
Data Visulaisation % @9 H¥& Principle &—

1. Visulaisation 2121 Visual &9 H S&ga 81|




=

ST AE 3 Hefter aifdfer o srer d-siaRin, Ties i o e dtest e 31 (e

2. Insight R} g1 1 W&l 0 A g BN ARG TH1 B Terad a9 7 ey
3. Sharing 12T ST R g & a7 W oiR PR g A fH 0 8 2 DI o o
REERC]
ueel1B. STt fasargelRe & reR faRaul
JUX 3R fagemseivH & HER =121 FasTETS 3 SR e §—
1.-Graph
. Bar Charts
. Geographic Maps
. Pie Charts
. Dials & Gauges
. Heat Maps
. Infographic
. Sparklines
. Fever Charts
UZe 17. Univariate plot X(sq J T g 27
Jdt A univariate plot shows the data and sum
Examples : Dot plot and Box plot
0] got plot T B2 wite, frd &g e
| .

NI RN B« T, Y N SUR N

marizes its distribution.

% w9 & i ST S €, individual observations CARIG|

i 2.3

A dot plot gives an indication of the spread of the data and can highligt clustering or extreme

values.
(i) Box plo_té Box plot &I structure ) TR S B Tk o wite ST H -G B R
|
the minimum,
first quartile,
median,
third quartile,
and maximum
Example i & g wemell # length 11 € 319fq 3@ length odd 2l
:;_“ﬁ%ﬂa €(45,12,47,25,86,15,71, 74,58,72,58)
g ascen?;{ numbers &I ascending order Y Tl S 2
. ing Order : 12,15,25,45,47,58,58,71,72,74,86 B!

IqF qT G .
T 2 T F Lower Extreme, Lower Quartile, Median, Upper Quartile 3 Upper Extreme



o !

Five Values féquired for Creating Box plot
Five Values required for Creating Boxplot

Upper Extreme
|

‘ | |
58 71 72 74 86

Lower Extreme
=
|
i

12 15 25 45 47! 58

Lower Quartile median Upper Quartile

3T 1 G values H AIS ¥ box plot 3R Whisker plot Tl create frar ST

Whisker
Lower Quartile Upper Quartile
25 72
12 58 86
Lower Extreme median Upper Extreme
Boxplot
I I 1
2I0 40 - 60 80
Waﬂg#@fﬁ'ﬁlengthevenﬁ?ﬁ%,fh | |
25+35 _ 30 58;71 —64.5

2
Lower Quartilty\ Npper Quartile

[12 15 25 35 43 45/147 58 58 71 72 74
|

Upper Quartile

Lower Quartile

45;47= 46
Median
Skeletal box plot
| ] |
-
10 15 20 25 30 ' ' )
Y 35 40 45

A sketetal box plot shows the median as a line, a box from the 1st to 3rd quartiles and whiskers with
end caps extending to the minimum and maximum. Optional notches in the box represent the

confidence interval around the median.
Outlier box plot

X

U T T T

0 5 10 15 20 25 30 35 40 45 50
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Outlier box plot, skeletal box plot &1 varintion € s darfaa swazernd @ e o e

Quantile box plot

I T 1 &

10 15 20 25 |, %0 35 40 p

a variation on the skeletal box plot and shows the whiskers extending to
d maximum values.

indard deviation of the data.

A quantile box plot is
specific quantiles rather than the minimum an

e Mean plot A mean plot shows the mean and st
/
1 .1{ \'\, JI
t \\ /
’
LU T 1 T U T 1 1
10 15 20 25 30 35 40 45

mean. A standard error or confidence interval measures uncertainty in

d as either an error bar or diamond.
s the standard deviation. The standard deviation gives the

impression that the data is from a normal distribution centered at the mean value, with most of the
data within two standard deviations of the mean. Therefore, the data should be approximately
normally distributed. If the distribution is skewed, the plot is likely to mislead.

u2sT 18. Multivariate plots | T A 27
JTiT Multivariate descriptive displays or plots are designed to reveal the relationship among

several variables simultaneously.
Multivariate analysis is performed to understand interactions between different fields in the
dataset (or) finding interactions between variables more than 2. Examples : Pair plot and 3D

scatter plot.
Pair plot A pairplot plota pairwise relationships in a dataset. The pairplot function creates a gird
of Axes such that each variable in data will be shared in the y-axis across a single row and in the

x-axis across a single column. That creates plots as shown below.
3D scatter plot A 3d Scatter Plot is a mathematical diagram, the most basic varsion of

three-dimensional plotting used to display the properties of data as three variables of a dataset

using the cartesian coordinates.

>
0] 45 o= ] SRR SR )
e | il 15 ‘

- e ] - . )
] o [t

A line or dot represent the
the mean and is represente
An optional error bar or band represent

i

-
>
-
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T Rt g ey T
PSR D P BN 4 TR o i A -

e
EPL_SE SAS O

fam 2.5
~+.Machine Learning 41 Data Mining ¥ 519 8% Higdl Develop {1 B "3 0 T8 3TH {3 Data
’g,;ﬁ;wﬁzﬁ%ﬁmmDamset@rg@:mﬁmwﬁf%ﬁﬁmﬁnﬁmm%—

1. Training Data set 2. Volidation Data set 3. Testing Data set

mm,mmmﬁzaﬁﬁainingﬁ!aﬂTTestingﬁaﬁmm%,?ﬁWﬁﬁ AT ‘

’ ST21 1 SA Training % feTg e < @, 3 9 2121 1 U Bie few Testing ¥ fow swdm

- fEm . B

: LDATA SET ] i
l ] 1

(85% of Dataset) (15% of Dataset)

[ Training Data Testing Data }

&
94 A& @l Training D ED W Trai o 2 i i
Ining Data <l HS< ¥ Train &Y ST @ @ R 39 Testing Data ! Hgg | Test 4
ffifln et 2 i v 7w wige w F T Input A & @ T8 3 Result, Predict TYal & 359 gd 78
.i:;['m“mm%ﬁﬁwmmW'ﬂiﬁ%mﬁainingﬁ?ﬁﬁﬁﬁmﬁmm
T W Values Wit & forrs fordt o sfereramh e ey 3 4
;ﬂf@ﬂwwﬁzﬁ'ﬁaining aﬁt'restingmﬁzﬁfamﬁmmvméaﬁmma%ﬁsﬁ
W“T}f’lt"ﬂ - (mm # % Data Set S wrg1 By e F foe8 @&t Results firer wn)
g araset (Training and Testing) UF Complete D: i B
kg plete Dataset W1 represent AT HfRT 379l Testing |

EACi e characterstics, Training Dataset ¥ 31 <%} ay ?Hfi".‘mp i Te
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Statlstlcal Inference

qs (MCQ)
gl 1. e o} ®Y-wR wran A it w wugv, waxfa, anifewor anfe fa siren 37
(a) @i (b) @rstfura
(©) T@mfira (d) wifzr
Jax  (d) wifeme
uvd 2. |ifkaa @ @ya-dt Aoft H e & dugo mumwh%%qsﬁqm%mmav
(a) UTeHeh [ifETl (b) 3rpfa Fifers
(©) (a) & (b) A (d) ¥7H 7 % T
AT (a) SIS WA
uea 3. fira A @ -1 9 Rrfifds 2% F1 IS0 87
(a) Logistic Regression (b) Native Bayes Model
(¢) Decision tree Model (d) 374 q F1E T
3d<T  (¢) Decision tree Model
qeel 4. 9Yia af¥ A oW Afte frad ver a7 il 87
(a) < (b)
(c) ¥R (d) T4
3d< (c) IR
gee 5. Analysis of variance (ANOVA) Hiftata freed fFas 0 SR ST T am &
forg SuanT féar i 82
(a) FHIUT (Variances)
(b) WT1¥4H9 (Means)
(c) #q9d (Proportions)
(d) Only two parameters
3UT () AJIE (Proportions)

gve 8. fre A | #9-11 giflenay fasd (statistical inference) &1 & UCP 27

Efag4

(a) Sample size
(b) Size of the observed differences
(¢) Variability in the sample

(d) 74 B
(d) 374 A

qea 7 s trfiey ¥ an A P19-2 adaor A sEerd gkdl 37
() Frrifyzr; wefagor (b) =iy e
(c) (a) A (by B (d) T A W
(a) rreifes whinro

It
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QUEST NBANK

L 8

(a) Pearson correlation

(¢) One sample h
I (4) 3 [e

(b) Chi-square statistics
ypothesis testing (d) 7 |+ft

@S ‘37 : 3ifdey Sadta ues

URe 1, Statistical ® 3y w1 TR 27

SR WiieaR it ) a7 v @ forgd aifeel w1 TR, Waw, O 3k S5 O i oTer
B A o S 2

WSl 2. Statistical inference &1 4T 27

T T e 1 wifersia favermo s& IuH fol gY O i W T wifeasia e
(Statistical inference) HgeTal T

el 3. Wniifes ik Afatrdifies e s 27

3T Wﬁmﬁww%ﬁ@mmﬁ%aﬁﬁwﬁ@ﬁélwﬁaﬁwﬁﬁa
W T T El NiuEHal H TAEE WHeT F 9R F |18 vdr 76 2

‘;I'i’.?l 4. Population &I tRuIfig wifsq)
Bﬁi Population T& entlre group '3 S e’ ® 37 fend (conclusions) IEEAREIRCIGT| '%l

U=t 5. Sample (77D 3 g
V39T Sample U fafire qgg § 590 319 221 THA HL| Sample T size THYN population % Fa
\ size ¥ &7 Bl
Ugsi B. Statistical Inference &1 IUANT 13T
3T Hypothesis testing 3R confidence intervals, statistical inference & Silﬁm (applications)
gl
Ueel 7. Probability Distribution &1 87
3T Gyl faatoT (probability distribution) Agio® AN (random experiment) & JA®
ooy w5t e 2a1 €1 g8 fafv= geifaa seAedl it GAeEd S S
WUS ‘¥ : AY Td aid 331 uQs

ugsl 1. Sifas! Fa1 8?7 IiRkEst & veR Ht gasy|
T wifeTH e T faam. g frad fed awg/eeFada/aaem | gty sfeel o 6hE,
fereereoT, SATEA A TEHFOT S G F S €1 AT G & H W] vt ST
(academic disciplines), T899 WHias fodM, WM f99H, ARAH, TEFR 3ﬁ'{ R 3fel
Fifera # QA Tem-3ren Aol § Figa fFa 1 wEa g —

(i) Descriptive Statistics (i) Inferential Statistics
Giferd §, guiTeRs HHS (Descriptive Statistics) 1 & AU Fd €, WalF gragH MFe
(Inferential Statitics) TR A yfasgavrar #39 | "o &4 ‘%I
Tiferst o= 51 22 F T08 % YUsT HYAl avi & (60 TRE fHa1 s Gt 21 3y quiareTE
wifemat (descriptive statistics) ehel STl 1 3% AR, T2 H T 1 39 ate | wied fHA
TH ? 5 a7 Fresl %1 Agfeowal 3 S S FRO a7 R 5 59 whea %1 34 fafy, 7




‘1

s1el a3 arefler afefor » wiftmaia fremd .. 37

@ﬂmmmmmmmﬁ,maﬁﬁaﬂmwﬁﬁ:mf‘WHEW%mﬁmﬁw
mf@q. ® (inferential statistics) el wiral €1 aviarrs a= e @ifermn, 23 1 T
giftsaat sfinfam @ '

ged 2. mﬁ@wﬁu 3HH (Statistical Inference) & uRanfia @i

Kin g4 ﬂTﬁRE?RI 3FH Statistical Inference

Statistical inference, gfromy &1 fazeam #1321

<121 frva @ asfeos firsma % fog frard sm = sika 21 39 € Hifeaadt (inferential statistics)
*ﬁwmﬁlﬁiﬁmﬁﬁﬁﬁﬁdﬁ,mwwm (U TifEAFE TgA) FA S g, A
qifteT fareeiao A, S &1 Nt 8 fe =i T Sferd &0 H A T A, 59 A A
Mﬁﬁﬁﬂmﬁﬁ,{ﬁmﬁwﬁﬁﬂwﬁ,mﬁ%mﬁaﬂwwﬁ, ST 1 W Hebell 21
Hypothesis testing 3it confidence intervals, statistical inference &+ 31’15@"1 (applications) 2l

g¥d 3. Statistical Inference & = U qJaisq|
(H'Ii@arw':_ g fTeRd) are :

. 34T The components (12 ) used for making statistical inference

ugel 4. Tikzeia fawsd (Statistical Inference) ¥F USR T 87
3deT ik firspy & UBR Types of Statistical Inference There are different types of

§

(i) Sample Size
(ii) Variability in the sample
(iii) Size of the observed differences

statistical inferences that are extensively used for making conclusion. They are :

(i) One sample hypothesis testing
(ii) Confidence Interval

~ (iii) Pearson Correlation (Tedd)
_ (iv) Bi-variate regression '
 (v) Muilti-variate regression

 (vi) Chi-squa
. (vii) (Analysis of variance) ANOVA or T-test (for=ran =1 fareiwon)

re statistics (FTE-a7 GA&TUT) and contingency table

U9 5. Statistical Inference &1 Hetd qHASSE? .
3T AiRzIata 319 &1 Weed Importance of Statistical Inference  ST21 %t Hel Al | S A
| T ¥ o, e SfemE S S

L e e i

% fou SRRe Sfefedd Teayl 81 T wew e

F73 % foru 3fer 2 Faveraor FewgYl € \
Fafir=y s § fafir=y froaforal & fag wfae i wﬁmﬁﬁmmmﬁmmm‘élw

ﬁm%aﬁﬁmwﬁﬁmmﬁlmﬁmﬁnﬁmﬁﬁfﬂ?ﬁﬁmﬂﬁ@ﬁm

e &, -
(i) =arar faveraur (Business Analysis)
(ii) Ffm Ffawa (Artificial Intelligence)
(iii) fTﬂ"m fageraor (Financial Analysis)
(iv) =ranT€l =1 ga1 @Al (Fraud Detection)
(v) Wi #f4m (Machine Learning)
(vi) 997 aram (Share Market)
(vii) Wm TFZL (Pharmaceutical Sector)
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Qe+ 6, Statistical Inference ¥ Fagvr R

E An example of statistical inference is given below,
rom the shuftled pack of cards, a card is drawn. Thig trial is repeated for 400 times and the suits
are given below :
: PR
Suit Spade Clubs Hearts Diamonds q
LNO. of times drawn Q0 100 120 90

While a card is tried at random, then what is the probability of getting a :

1. Diamond cards

2. Black cards

3. Except for spade

Solution :

By statistical inference solution,

Total number of events = 400

ie., 90 + 100 + 120 + 90 = 400

1. The probability of getting diamond cards :

Number of trials in which diamond card is drawn = 90
Therefore, P(diamond card) = 90/400 = 0.255

. 2. The probability of getting black cards :
Number of trials in which black ard showed up = 90+ 100=190

Therefore, P(black card) = 190/400 = 0475

3. Except for spade
Number of trials other than spade showed up = 90+100+ 120 =310

Therefore, P(except spade) = 310/400 = 0.775
ues 7. wi@ar fadazu1 (probability distribution) &1 Y& IaTe0l w1 g?
34T If two coins are tossed, then the probability of getting O heads is ¥4, 1 head will be Y2 and
both head will be V4. So, the probability P(x) for a random experiment or discrete random variable

x, is distributed as :

P(0) = Vs
P(1) =%
P(2) =1/4
o PO) =Va + Y2+ Va=1
3 geal 8. A coin is tossed twice. X is the random variable of the number of heads
5 obtained. What is probability distribution of x?
g : 3d< First write, the value of X = 0, 1 and 2 as the possiblity are there that

No head comes

One head and one tail comes

And head comes in both the coins

Now the probability distribution could be written as ;
P(X=0) = P(Tail+Tail) = V2 * Va=Va

e



R 1 1o fc 1 1< MG 1 4 mgﬂz—raﬁfmnﬂiﬁﬁaﬁ'qﬁﬁﬁﬁw- 39 (e

P(X=1) = P(Head+Tail) or P(Tail+Head) = V2 * V2 + V2 * Va="/2
P(X=2) = P(Head+Head) = V2 * Vo= Vi |

We can put these values in tabular form;
X 0 1 2
P(X) 1/4 1/2 /4 =

Ue€el 9. The weight of a pot of water chosen is a continuous random variable. The
n kg of 100 containers recently filled by

following table gives the weight i
the water purifier. It records the observed values of the continuous random
variable and their corresponding frequencies. Find the probability of

changes for each weight category-.
Weight W Number of Containers
0.900 - 0.925 1
0.925 - 0.950 7
0.950 - 0.975 25
0.975 - 1.000 32
1.000 - 1.025 30
1.025 - 1.050 5
Total 100
3T We first divide the number of containers in each weight category by 100 to give the
probabilities. -
Weight W Number of Containers Probability
0.900 — 0.925 il 0.01
0.925 - 0.950 i 0.07
0.950 — 0.975 25 0.25
0.975 - 1.000 g, v S 032
1.000 - 1.025 : © 30 0.30
1.025 - 1.050 i a 0.05
Total 100 1.00

mm.wﬁmwi%qﬁ%?%?

Fuw i oS | fare S Fos eyl St wr fertor | e e A Wrifea
maﬂqﬁwé"ﬁﬁsﬁmﬁ%ﬁ@aﬁwaﬁﬁwﬁam@mgﬂ;ﬁéﬁmm%
e B R 3 ST e 1 s S SRive witeenty fafrar g e W € o ¥, 9
ey 0l f < TR 1 T, T SRS S WIS W ST $1 A <A W
mﬂ\mmm%mwm—wﬁﬁaﬁﬂmwﬁ%ﬁ@mmaﬁ;m
M%lmﬁ,mmmﬁﬁﬁﬁa@ﬁﬁmmé,?ﬁﬁmﬁmﬁm@aﬂtﬁwﬂ

THd 2l

weet 11, R-mifes wifeat @ 87

Igr -t sirEe faato-E oTHEl & w9 N off I IR ¥ 39 wiferw
gg@@@swmﬁwﬁ%mmﬁmﬁw%is;mw w?%
nﬁmﬁammwaﬁgﬂﬂ’mmﬁ%mnwﬂﬁéﬁélm,ﬂﬁ:@mé%mmﬁ
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fowem @i ®, @ 3 v A e R ameﬁimjﬁmﬂf&m éWF;??’Wv;;?;T;?W
TR ol U st fafty %) e @ witee @ STElER H1 B A A 2w
ﬁ‘"wﬁmqﬁwﬁﬁqm?ﬁ—gmuﬁwélWﬁmw\mmmmgl-wm
f foemioan @) ¥we, TA-feeh 3w & o w@dR TR -2, PR F 7eEET 4 fn
TR ¥ GeEaY T ¥ fAu R-aeey e 81w g -2 w g, w2
a2l 12, Wrfifes ok Aiq-IRrifes 2w & dte siee Tamu| -
SO i iR ottt e ¥ s g sia frafafed fagei woTE # i —
1. U Wifter wem, for e et & an ¥ fafere wron @ S @, s e s
T &9 N T i 21 R-wifee T = % "l § I7En fhu s A diterwa A
TR-U wieror et S R | e
2. e The §, W wiferE fawer T sneid §1 gE 3iR IR-HafEdE wwon 7 |
TegoT SRSt FAEE B 6
3. furfifess Wemt &, I7 A ST @ fF s % W A A Sfel A ST w w2l
T, A W & fada, foe A o S G99 S 6 SR R A S
4. T iR W, ifes v ¥ % vttt & A me 8, sEtE Araueits 7= F 9 §
7 3fEd T W R |
5. Wniifrs e N, SR aR T e 21 56 i, At 2w, e F
IR R SEER T ©
G.Wﬁ?ﬁmmﬁ%mﬁ%,mwﬁmmaﬁ?ﬁﬁmﬁﬁ
T A1 B T '
7. QA AEAHE =R = Heiw i feht i A % fer, fgds 3 gedEy o o % syan WeifeE
TiEToT ¥ foRan Il 7, it TR % 1 Weds w1 STgn Ao s ¥ fRa w2
8. TAriifesh THeTUT % Examples : Logistic Regression, naive Bayes Model, etc.
FTRTAEEF T % Examples : KNN, Decison Tree Model, etc.

U2l 13. Population and Sémpleﬁ-ﬂmiﬁﬁml
T Population T& entire group ¢ fgs AR o a7y frepd (conclusions) e =mRd 2
STHS H, TTHE & Hacd SHAEA ‘
ﬁaﬂﬂaﬁ?aﬁm%mﬁvﬁwﬁa Population
e A e I A . °
i i v 88 I )
o T T GEPRUGIPRRGREEE
T TE 2, SHEE F e IR

N Sample
Sample % fafere T € forad a1 i%ii%
BT UahA 17| Sample 1 size THIM ' '
population % F size T FH BIal 2 fa= 3.1

T H, a population doesn’t always refer to people. It can mean a group containing elements of
anything you want to study, oS f objects, events, organizations, countries, species,organisms

1]

R A g g

B o B e AL



e TTCT ATRA 31T Fefle afefor o w47

geal 14. Distance metrics &1 &1 31 @7 :
3T | A wE T A Teiitem F T Tyl fE ?1 F fewy
ferdw afe ' 4l AfeFa w1 35@m
;{f;f:a (Supera‘:%s% aq‘;(ﬁ 34'3;'51‘1'1%1 l(unsuperwsed) finen S ¥ foRan Irw €, STHAR W T fagai
T effective distance memcmﬁ?ﬁﬁﬁmm%wﬁmm%’ﬁaﬁvmm
¥ fau B @1 sl & fom

geel 15. WA affn & feeds AR fa weR 31 8t 87

3T o= afHn 3§ R ﬁ@ﬂ FT A9 Measures of Distance Metrics in Mechine Leamning Clustering
T& ST analysis o1 € fS&H ST qd feoard ol T TR 13T RN (clusters) H divide
fean e @ o6 <0 wmr ol A aifesiacH B © S U WE (cluster) ¥ @ o § SR i 1o
EIS] 3;;1?;3 H T cluster ¥ T&T STl §1 & cluster F SifesaeH TR cluster & SIESE L
= { |
& cluster ¥ f5a ot aﬁ@@@ﬁﬁﬁ@%%wffuwtmm%l
SAfhie clustering approaches objects ¥ pair 3 ST GHIAT 9T ST 61 SR &1 = AT distance

metrices 1 AN T 21 most pouular 4 types of distance Metrices in machine Learning = —
1. Euclidean Distance, 2. Manhattan Distance, 3. Minkowski Distance, 4. Hamming Distance

(XZ, .Yz)

78

Pa Yo 1 T——

e
/| —

X2 X1

(xll yl)

a7 3.2 gfeafema ¢ «
R 16. Erer AT & qﬁﬁ%‘lﬂ T (Euclidean Distance) @1 T FHiferg

3ﬁfT qﬁﬁﬂtﬁ @ Euclidean Distance Euclidean distance is considered the traditional metric
or problems with geometry. It can be simple expalined as the ordinary distance between two

p%ims_ T% cluster analysis 7 a8 3fTH ST fRT S 961 Teigs § ¥ TE €1 Data mining ®
? formu!a HT IYGT HIT Gl TEIREH K-mean 2l Mathematically it computes the root of
Squared differences between the coordinates between two objects.

d(p, q)=d(q,p)=\/a1 -p1)? + (a2 = p)* +...+(q, — pn)?

-

i=1
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ey 9 0 A |
et 17. STeT |igfA # Aqgeed ¢t Manhattan Distance 2 or P

~

i ong the
Thi in psolute difference am
i is determines the a
l T {fl Manhattan Distance S

_pair of the coordinates. 3 C between these points we simply
i d Q to determine the distan ) i
Suppose we have two points P and Q _Axis and Y-Axis.

; ints from X
have to calculate the perpendicular distance of the pOH; :
In a plane with P at coordinate (x;, y1)and Q at (le , 2_ A
Manhattan distance between P and Q =|x; — X2 + .Y 1 |

et

5

fa= 3.3

1 3e o+t gt g A Fagail & i Seee @ < Ot 2
18. TeT AT § Minkowski Distance 3% Tory BT
Minkowski distance 7% Jfifeds iR #geza Distance Measure =7 generalized form

2

In an N-dimensional space, a point is represented as, (xq1,
Consider two points P, and Py.

P (X, Xa, .0, X))
P2 : (YI, Yz, SO YN)

_ Then, the Minkowski distance between P; and P, is given as :

¥ex =y1)P + (xy -y2)F Foo+(xy —ypdf

x2; ey xN)
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u<el 4.

2] 5.

W2l B.

. EDA 9 full form

AR s

e i - -
e e - i
£ e ' N PR RN ST A

sgfdssha west (MCQ)
1 87
(@) Edit Data Analysis (b) Entry Data Application
(c) Extra Data Analysis | (d) Exploratory Data Analysis

(d) Exploratory Data Analysis
EDA & process ¥ 2R $19-§ method warT f&a i

(a) Hypothesis testing (b) Distance matrics
(c) Parametric test (d) Non-parametric test
(a) Hypothesis testing

EDA & WOR # f5aa anem far
(a) Sl =R (Georg cantor)

(b) WRETIRA (Pythagoras)

(¢) 999 ©% (Max planck)

(d) S TF (John tukey)

(d) W4 <&l (John tukey)

@U‘F{P‘f <Tc1 fazauur (Exploratory Data Analysis) 1 72
() 2T faverul & & faT TF rigid framework

®) mm%mmwm@maﬁm

© <=1 faweu F1 fags &9 § A6 faf

@ T e =1 fowemor FA F T T

(@) 21 T2 w1 fawawor T i TE TH

CAARCRG L # Exploratory graphs ﬁ G2 viﬁ:m;[ 7

(a) 9 formal representation ¥ faw =1

() ¥ R W T & W gl \ |
(c) axis, legends & a1 faator 9% AR ﬁ@ﬂ ﬁ'@ﬁ %?I%I A
(d) TF ST Sy Wk ® T W fF @ R
(b) § R W SR W W e

EDA Ry & @ frg ® ik e 87

(a) Visual techniques

(b) Assumptions

(c) Fixed models

(d) Testing for statistical significance

(a) Visual techniques

Ay srer Rodron sl srer st ufdsan

Exploratory Data Analysis and the Data Science Process

mrimrt s
e L e S
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WL 7. Data Science Process § £y & | frge: sua f&ar m a7
(@) Artificial Intelligence &1 (b) Machine Learning W_
© (a) T (b) I = (d) T @ Frelt 1 0 T
ST (0 () F () aF =
EUs ‘37 : sifaey 3udta 9
qQee1 1. Data Analysis $ SR =1 87
SYX  Data Analysis 3 ¥$R ¥ €4 §—
1. Confirmatory Data Analysis
=, Exploratoiy Data Analysis
UYET 2. EDA & H&U Sex9 1 87
3UT  EDA % 9R IISH NER T—
1. Discover Patterns
2. Spot Anomalies
3. Frame Hypothesis
4. Check Assumptions
gee 3. EDA ¥ methods Fa13C|
34T Exploration % faT S Methods 39 &R T—
1. Univariate Analysis 2. Bivariate Analysis . _
geel 4. EDA &1 process & SR ®I9-8 methods WA f&a Sira a7
Fs £ T EDA #1 Process & S0 ¥4I ¥ 91 a1l methods 7 F&R —
1. Trends i
2. Distribution
| 3. Mean
- 4. Median
5. Outlier
6. Spread measurement (SD)
7. Correlations

8. Hypothesis testing
9. Visual Exploration
. U1 5. EDA & full form =1 27
oA EDA %I Full form 8— Exploratory Data Analysis.
GUs ¥ : g Ud did sadta uea
. 9e91 1. Exploratory Data Analysis &1 a7
23T | Data Statistics | Exploratory Data Analysis I ARATHF SIEl g T approach 2
= Data Set?r::T analyze f&a1 < 2 @ik 379 we=m foreard (ui) =1 visual method ¥ gRT SEIA
%mmé‘a mﬁamﬁgﬂ (statistic model) =T I9A famar %ﬂﬁnm‘é‘ ﬁ(qﬁ‘ﬁ,

?’\‘fm.EDA?H@W%WW%@%%W%%@ZT%ﬁFormlaModelingE!ThYPOthESiS
- testing tasks % W M T s s = w@ g B
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Exploratory Data Analysis glel W Srfir: W4 &1 F1 Hohdl F1 T 2 Fored: fas sy g
(i) Data Set § Data Patern # @Il 1 1 T
(i) fermfei (Anomalies) &1 War &I 1 Wehl

(iii) Hypothesis T test o w1 @ AN
(iv) Statistics 3N Graphlcal Representations #} Wee ¥ Assumptions F1 FE F T GE
RN i b, r‘-
) i) oy ,&" o
J’ f @4\% "&ﬁ«s’i b it (ucf
Data | DataPre-
Collection "|  processing - y
] Confirmatory
Data Analysis

Visualization/
Commur]ication

a7 4.1

yge 2, EDA % S2¥d qargt|
JOX  EDA % 3evd Feiieiad §—

(i) Observed Phenomena (¥) NI % 9R § Hypothesis Suggest STl
(ii) f59 T Statistic Result 3UIRE BN 39 SFHM 1 3THeH BTN
(iti) 3f e YR SR A & 94 ¥ G
(iv) 9 % 221 T9E % fore, TV A WA % WA ¥ T AER G| FTAI
(v) EDA F1 %% T1%1 %1 Data Mining ¥ 3 Data Analystics & ¥t ST fohan S 2l

9eel 3. Exploratory Data Analysis & key concept GaT5TI

TR AIRIC CRITAREY S5 TABRE Key Concepts of Exploratory Data Analysis  TTGINEA!

T T F - P —
Two types of Data Analysis :

1. Confirmatory Data Analysis

2. Exploratory Data Analysis

Four Objectives of EDA :

1. Discover Patterns

2. Spot Anomalies

3. Frame Hypothesis

4. Check Assumptions

Stutt dong during EDA
L Trends

/A Dimibution
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Mo s Y o DRI, e e e
4. Median
S. Outljer

']
il duai e N-QH.—J

6. Spread measurement (SD)
7. Correlations

8. Hypothesis testing
9. Visual Exploration

U2 4. Data Science F18?7
KinLA DataScienceQﬂmﬂaﬂmﬁﬁ@ﬁaﬁﬁﬁmamﬁ@@aﬁﬁ@ﬁﬁ@ﬁﬁmm
Analysis, 3G THEYU] SYANT q91 SHh Management T o el Y & 3R 19 T had S WE
T 919 T34 § A1 987 W Machine Learning, 121 RY & T Subset 2l
Data Science = Data + Machine Learning + Statistics
<e] TEY 9% 99 € f99% 0 €4 Raw I Wl Information ¥ w9 7 9ged &l S WEH H e
Exploratory Data Analysis ¥ Qg-Tg 39 W WA @A F Teniem ol appljf a;{% i
UZe 5. Data Science 3R Machine Learning Awmel
379 & wgd forega 7 T T &1 S % I eTr-eTe fardand 2
| o0 Artificial
: ‘ Intelligance

‘vfw‘ulc_h‘lnio; i
Learning

TGFH! overview UM 71 FTEH Data Science 31k Machine Learning # &1 HalHl e am d
feraran 2 '

UZal 6. Data Science Process I 310 &1 THER 87

3TT  Data Science Process @l  Database ¥ & I data Fele & AT 1 8 data
science hgl STdl ‘él A 3‘&%‘ feTa 419 artificial intelligence <1 T X 97 fthT machine learning
%1 A1 A B ST e Y@ 81 912 99 & Aeg 4§ R ﬁmawmﬂﬁm
et 2 forgd el SOt #1 ST @1y 8 ol
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DataScienceﬁﬂﬂﬁm%ﬁﬁqa@ﬁmmmﬁ?ﬁﬁlmmmtﬁmm o
ﬁmﬁﬁmsﬁwﬁﬁmﬁﬁmﬁmaﬁmmﬁmw%ﬁnmmﬁ
! ST 2t Bl

Data Science Process

Exploratory .
Data
Analysis

4 'RaW v . Data b :":'

~o-Datai ARl T

* collected - Processed ¢
*“‘Models &' ./
1 {Algorithms

Make
Decisions

Reality
' fa= 4.3

q2ei 7. Exploratory Data Analysis ¥ Tools TaET '
JadT  Techniques and Tools There are a number of tools that are useful for EDA, but EDA is

characterized more by the attitude taken than by particular techniques.
Typical graphical techniques used in EDA are :
(i) Box plot
(i) Histogram
(iii) Multi-vari chart
(iv) Scatter plot
(v) Graphs and
(vi) Summary Statistics
W% B. Data Exploration and Preprocessing o fafag|
JUT  Stpes in Data Exploration and Preprocessing
1. Identification of variables and data types
2. Analyzing the basic metrics '
3. Non-Graphical Univariate Analysis
4. Graphical Univariate Analysis
5. Bivariate Analysis
6. Variable transformations
g- Bci)lissfng value treatment
9: C:tlter t'reatement
0 Di;::]ﬂ:iloon !?nalysis
nality Reduction

1

7 e N
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siofte eteT GEoNRL

Machine Learning A|gorim D |

e D A W

w9a (MCQ)

Wﬂ&mﬁqaﬁn%aﬁﬁfﬁ-mmmw%%g f
(a) TR @ FPgeX fagm 1 T & ' ]
(E) i @ T @R & artificial intelligence 3 < e 0 fafa W‘W T
3 foeprerdt €1 4
| (c)%d%;aﬁ%mmm@wmammmmm [
et ¥ i o @ S F ol < 2 |

d) W adt
JaT  (d) SWe w+ft |
WE.H&ﬂqaﬁﬁ(machmaeanﬁng)ﬁﬂﬁﬁmWW%? f
(a) Deep learning (b) Artificial leam%ng
(c) Data learning (d) T ¥ FE &

W JTE  (b) Artificial learning |

e

(a) TRl fedaM (Anamoly Detection) (b) 0T (Classification)

(¢) TR (Clustring) (d) 3 T+
AT (d) 3 9R
uZel 4, wefi= af i & os a9 82

(@) Geoffrey Hill _ (b) Geoffrey Everest Hinton

(¢) Geoffrey chaucer T (TR T
Jd¥  (b) Geoffrey Everest Hinton
weet 5. fi= 7 @ F19-9 supervised learning TR 73 o]

(a) PCA (b) Naive Bayes  (c) Linear Regression (d) Decision Trees
3dt (a) PCA
Rl 6. KNN TRy 1 Tl W 9t v oy 37

(a) Agriculture ®  (b) Finance sector § (c) Medi [ [

al

- | @ 7 ical sector ¥ LK
Y2l 7. Narual Network ¥ 3R fseft S B &2

(@) & ) & (c) IR
JAT  (b) T

U¥el B. Neural Network &t farg algorithm %} Sgrey A Jrar s 37

(a) Supervised Learning q (b) Unsupervised Learning
(c) Reenforcement Learning & dFEad g ;
U () TR

(d) =
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pervised Machine Learning &y

-

goa 9. fg A A #iF-91 Unsy 49
(b) Linear Regmsfi:'jﬁ‘m & T

(a) KNN Algorithm
(c) Decision trees

3aT  (d) Clustering Algorithm \-,
Algorithm &1 W &g fésar wrey 37

(d) Clustering Algorithm

Male kT () Handwriting =
andwriting i
A wRm (@ @ B 0 recognize T 3 frg

ugd 10. Support Vector
(a) Image H classify
(c) Text &I Categorize
JUT () FH AT
o5ug ‘31 : nfaeTg a3 uge
U2esi 1. Machi eLearningaR‘H?? _ . :
- Im ﬁ%@wm%mwm@méamwﬁWact'ﬁﬂlpredict
W%amw%ma—mmﬁ'@ﬁﬁ e 1 B A B
U2l 2. Regression & Syl I arad 87
o CA e E L] supervised problem
> . discrete & wefaul

Uygsl 3. Decision Tree &I 27 ' . |
39T Decision Tree T J&d 2 9iger Machine Learning algorithm @ ST supervised learning %

aimmﬁclassifymﬁ%mwﬁnﬁaﬁaﬁ%f

- yed 4, :g{aﬁzaé?aﬂapmﬁgéaﬂ?
3T wngaﬁzaa%w%ﬁqaﬁﬁaﬁ@ﬁﬁaﬁ?ﬁmﬂaﬁ?aﬁ%ﬁmmmm
- caifea foRan T méﬁwmwnﬁﬁﬁﬁﬁﬁa@g@mﬁﬁwﬁmﬁa i)
~ yed 5. Applications of Support Vector Machine Algorithm SdIg¢!
JdT 1. Image classification 2. Hadwritting Recognizing

, : 3. Hypertext and Text classification 4. Bioligical sciences classification
;?“  @Us 'q g Ud o 3edtg uQe
| 3UT_ Machinelearning F1 W™t T % 7gd @ Sooaa 81 % 39 technology ¥ ¥ § e limit &
; iﬁmgj:izgii ﬁﬁiﬁ?ﬂ%@mwimagﬁnmm %ymméaﬂMachine
‘ g_i ﬁj;zfgﬁ‘ﬂogigr éc;r‘;eration impossible Td & 9% 37 §ART Ga9M & GHI Sk K
'Personally, T Gre ‘é% maC};iDje:{'i?:gelg j’_{ W@ T Wi 9t Teh QU1 37 Al 41l
atalyst F T B Tehdl € SHfeh THR future Hl

Fee ¥ feTC SR W 21 aren &
. | ¥9 machi i T ; £
A+ fom Sfam imagination % STRY 4 %hlqngefl”e%rln = PR e B t

TETET % FAT, ST 79 Taxi i :
axi I T % Ola I1 Uber ¥ g9 3 L trip <1 cost, feranT distance, HH-7

route 1 information ¥% Ygo) &
future 99 TG T ST B wﬁg < Rl T & T ey 2 fi Machine Learning T

ﬁ 2, :g: % vaR Tam
T
aftn & wer Types of machine leaming e T ¥ werr Frefafiad

2rT €, T case STeT &1 outputs continuous T &




1. Supervi
sed learnin — x ~
g I¥ learning W T & it w fafv= wawi & labeled example g

answer ﬁ‘q S % S %
predict HTR 2| algorithm T SN & Wradl @1 w1 w2l & 20 v wéd) ufiony
STTEROR}  $he W T A . A
sq 3 . = %lﬁq ﬁm“{, ami?[ email W TN fHeet g ¢ fsrgu for P messages vy
supervised learni 2
- UnSUpervcilsled’l:nmg ¥ QA B TFR classification @ regression &1
- e 2 L d L " -,
feray 3 e?"g?'lng 'q_b' ArSl-Ht s 'ﬂﬁﬂ 2 FRifeRr 59N correct answer 941 label T3 =¥
ST T algorithm & 9% ST # | patterns 1 analyze @ 2
JaTERoTR] google news.
1::S‘JPEI'VIS&i learning & |1 HIET ¥R dimension reduction 3R clustering
Ie] 3. Puragsie a1 & UeR HH-3 g7
?
3T ‘ %m ﬁﬁﬂ.m & UHR Types of Supervised Learning Techniques HUAESTE
AT % A Algorithms ¥, aﬂmaﬁnﬁmmmﬁrﬁmm?ﬁmaaﬁaﬁ
39T feran Gﬂﬁé?, Regression 9T Classification a7 ST B TR gH ITA Prediction &
Classification am?rﬁenj ET Datasets i Sforl H dier S '3, TR QT STAT- 37T Hryesl & 3HR
T Datasets 3 S T @ fean S 2, ST 3 AR T S Gmail 3T T 12l A1 Al H = <
T, (Einail, SPAM, Advertisement, Promotion) gafs, @ Afg S9! STT I Output aifor o =nfeq
4 98 W Classification TFURYH < Igar TR S :
Regression STEIRIH I STANT Continuous Value ! Predict T & ferg faren <l €1 9% UE TN
=1 i &, Forai fueet STgea s1efd Srel & SER T S wfreraml % ST 21 See & A
' -maﬁ:%{:ﬁm-—ﬁaﬁaﬁmswmﬁ%pmﬁtwaﬁmmiﬁ,ﬁmﬁm Regression
Mgoﬁatg??ﬂmﬁmmmﬁwﬁﬁmé?ﬁ%ﬁ@és ¥ 7 A o HAfHS 1 Analysis
3 3t SE e oTe wiasrETl <l
uee 4. GORARESTS w9 @l & TR0 T &7 -
3TiT il @ & TROT Steps of Supervised Machine Learning foe i Supervised

gaarZsTs .
Learning 1 GHET I Solve & % ford W 7 Steps F Follow &TAT BIT—
1. Determine the type of Training Examples Ty U8 T8 Ul Tl f&& fog gR 1 S

Training Set N 3= il
o. Gather a training set T ETh1 Training
Output Objects i WM 7 - 2

3. Determine the input Feature Representation of the Learned Function f%< Function 519 learn
T © 39 Input Feature Represention %l determine LA 3 ?ﬁ?[ Input Function H ot i
information@:ﬁmﬁm'ﬂﬁ Output I HT GH SEH A A ST sk 7 @ A
information B! ifgd e TR U B 2 dl Model AT 31 &l e A learn el X qrm Al
a@mﬁzﬂ“@mmﬁﬁEHer@ﬁ%mﬁﬁ%I L

hm

4. Determine the Structure of the Learned Function and Corresponding Learning Algorit
29 Function <Rl Structure g1 AT HAdd f& I Support Vector Machine (SVM) &l use HLM

7 Decision Trees ol
5. Complete the Design

-1 50 ... VlDYA‘_F’\TJ%‘?}.%?ﬁ?QUEST@N BANK 1;
|

_-A’.
ol

Set ST T, TAH Input Objects & HY A ITh

firr 39 IO design 1 complete FHEAN



(viii) Neural

g2 B. Unsupervised Machine Le

31T ey ofte wiefler ifefor o MR ERTTER w57

6. Run the Learning Algorithm on the Gathered Training Set A o1 T T vefan
Y \ <, m

Training Set % f&& Run & 2

7. Evaluate the Accuracy of the L
performances 1l measure TN

qgel 5. W Afn & penReyA Fa=g!
3T nei @ffn & wewnfkerd Algorithms of Machine Learning el AR M A T 3o
reiftam Fefafad e
(i) Support Vector Machines (SVM)
(i) Liner Regression
(iii) Logistic Regression
(iv) Naive Bayes
(v) Linear Discrimant Analysis

earned Function AT & AR Resultant Function fx

(vi) Decision Trees
(vii) K-Nearest Neighbor Algoithm (KNN)
Networks (Multilayer perceptron)

mmm%ﬁ%?ﬁ Groups ﬁﬁﬂﬁﬂmm‘%lﬁ
methods Tm"a'?f 1 ¥ methods F—Regression 3R

Classification! M &1 main goal Bl ¢ f& input data 7 Relationship AT Structure I determine

Y 51 & correct output data =1 9T AT W SR <l M Goal 21 & & 9% attribute variable "
Wﬁﬂﬁlmaﬁﬁmﬁm%%Regﬂsion,%ﬁﬁ

dependent variable @l value
dependent attribute; numerical BT 2 3T Classification ¥ fei@ dependent variable; Categorical

Ul
gorithm FA-PA A&7

arning & Al :
upervised Learning & T =57 a1 Complex & T TqH S

(ix) Similarity _
Engineers % g1 &3 T @ Algorithm;
Teliftad & e Supervised Learning

Ja¢  Unsupervised Learning; S
T 4TSl HaA B S 2 afr o 39 f& Clostering Algorithm

labelled & 2raT forEd 3¢ A4H
1 STANT HI S| Th STl &

Algorithms
(i) Custering Algorithms
(a) Hierarchical clustering,
(ii) OPTICS algorithm
(a) Anomaly detection
(b) Local Outlier Factor
(iii) Neural Networks Autoencoders
(a) Deep Belief Nets
(b) Hebbian Learning
(¢) Generative Adversarial Networks

{Fﬁ W& o algirithm ot SN LT kSl ﬁﬂmﬁ%—

(b) K-means, (¢) Mixture, (d) DBSCAN

. (d) Self-organizing map
nsuprvised learnin i
g algorithms,; supervised &1 TeT H 63
: €T Complex Task THH T Fhdl 2l
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Uvoq
m 7[ Deciﬁion tree aﬁ Ha:fq 'q el W| ) )
=7 Decision tree Decision tree TF -2 F AE F] TZHAT FAGH ‘{?; fary 9AI tree L Vﬁ'f’ﬁ,
M 7, 7 # ‘W"Tr"mtkdfm’ambmnchesm !
T#F class 1 Wt wrh

#) 7adq FaF ledfﬂTE
fp =T 21 AL Decision tree

Decis

r$ D:Ontreefivmmﬂ-—rr?ﬂmmm’m ol 73 §
cCision tree 21 7 Decision malcmg F fau

A4 UE Tz F FAA 7 Amez 6 7

W_.

.,;f yeal 8. RU7 (Regression) 3 e a7 Jd 87
 Far R Regression f{'!m? f 79 73 Continuous Output 1 HTHA © EucRARELL Output

. Variables; Continous Values 714 # #AF Amount, Volume 71 Size. w4 fF Student F ITF tests
% 797 97 Final Exam % marks 1 ﬂgrmm-fﬁ 0 # 100 F 919 71 WA & ql Regression;

continous quantity T predict 79 1 Task 2|
Regression Problem F1 1 21 908 9 Fad A Fa 2

11, Linear Regression 2. Non-Linear Regression
Regression
Models
]
I ]
Simple Multiple
(1 Variable) (2 Variable)
| |
- 1 I_ 1
Linear Non Non
Linear L Linear

fa= 5.2

Uee1 8, WATHA (Regression) ¥ WHR | Y F1 THHAC 87

Jaz  gfomE & yeR Types of Regression ceefoi regression FEUFLF A '{-Tf?F{ E’q 74 @
F9 Q1 WHT F 91 ¥ 919 F7 7 macine learning ¥ @7 SR S9AM H A4 g —

1. Linear Regression, 2. Polynomial Regression, 3. Logistic Regression, 4. Non-Linear Regression
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 grer WiEd 3 steftar aifefor o T St verifeny

Linear Regression & 318¥ @ inde
dependent variable &l ﬁ\"flvaa;pg;c% Creid
Linear Regression 9t QY FhR Te—

(i) Simple Linear Regression
i) Multiple Linear Regression ‘
( (; Simplz Linear Regression Simple Lin.ear R%;gression H %ad T I:Hdependent Vvariable &7
gt frar ST @ g8} dependent Vanabl.e Rsiee =1 W (predict) FO :"‘f T Simple
ssion ! mathematical equation i fod 5.3 (image) ¥ < Taq 2|
i ‘le Linear Regression Multiple Linear Regression ¥ e T m R R
= g‘l;:;fe'ident variable 814 € fSTTehT SEITET dependent variable £ ﬁﬁ? I 94l HH f?—rq
Frr Sl 1 SRR 3 fore W i SR feRet SR WﬁWWMmeg
@ Multiple Linear Regression F 3T 54 31 1 Q1 W A independent variable ('\S:T’\ET—-‘.ER
aﬁlocaﬁon,mﬁ?ﬂmwgﬂﬂ%,mﬁmﬁwimﬁ size aﬁ)_ﬁ?@ﬂﬁf{ﬁl
Multiple Linear Regression %! mathematical equaf:ion %! {51 5.3 (image) W <@ ¥&d 2
@Em. o Polynomial Regression  Polynomial Regression % 3ie¥ independent variable < power T kS|
./ | < et 1 Polynimial Regression %1 mathematial egua\iton 1 fas1 5.3 (image) ¥ <@ T
e 21 781 independent variable ¥ power T&h ¥ =1eT € 3R IY-SY I qrER e e hypothesis
| #R it 9 complex B =t ST
‘ '3'._ Logistic Regression Logistic Regression <hl IT fet ot event & B'ﬁ - @ef S GHEAT Hl
5w 21 3% IR dependent variable i 9% Binary (S—True/False, Yes/No, 0/1) Bt &1
SO % T S ket wifte € o e S, Sfean = St o e St enfe St SheteE
; ‘Logistic Regression & §1T &1 & Hohd 2l
S Non-Lipear-Regressibn Non-Linear Regression F IR parameter hi powef d T ST gl
2 'H‘q'n‘rﬁ gl 3!1% 3T parameter 1 power independent variable %! power & AR agerdl &l
£ 5 21 3% 37 Linear Regression 3R Polynomial Regression ! 99 &I 9t g1 fopa 11 Ghal 21
- Non-Linear Regression %I mathematical equation %! ¥4 4T o 5.3 (image) & 3@ g 2

A

531

U2 oy

1. Linear Regression Pendent variable 3

Linear Regre

Y e
o [ ]
° o © 7
. “
X —
¢ s 5.3
- 1. Simple Linear Regression :
Y= 90 + 92 X

A8 9, Y = dependent variable

X = Independent variable
By and 0; Parameter i
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2. Multiple Linear Regression :
‘ Y =6 +02 Xy +62 X2
R T& ¥ SUQ1 Independent variable 2l
3. Polynomial Regression :
Y =09 + 01X2 + 92X3

4. Non-Linear Regression :

. 3
y =03 +03x% +63 x

UYel 10. K-Nearest Neighbor (KNN) Algorithm &1 27
I KNN Algorithm T&h Sgd gl Simple, Machine Learning Algorithm 2, S Supervised
Machine Learning I S IR % 3 €121 I classify H H FHM Al %l KNN &l HSq H fort ft quT
inputmﬁ%ﬁ&ﬁmmm%,ﬁﬁmmﬁbelong el
TTH T Regression o fo€ ot I T T A & T, 3Heh! SRl TEHE classification problem
aﬁsolvema?mﬁmW%l
_ K-Nearest Neighbor (KNN) Algorithm T Supervised Machine Learning Algorithm %\, ELsITN 1 T
\mteet ) SR Y 3 FAE labeled data 1 TR fRAT S €, 3R R S «ff S A unlabeled
.--'datas'@rKNNqﬁaaﬁﬁmm%,ﬁragaﬁéﬁné?amfaqmlabeleddataﬁnaﬁﬁqq
unlabeled data = STEF! ¥ classify S 1l 21 KNN Algorithm @ Lazy Learning Algorithm ot &
T @ Fifeh 39H algorithms ﬁmﬁﬁm%ﬁﬁ@aﬁmm%mﬁﬁ@ algorithm
g fedlior & T 2 _
u2eT 11. K-Nearest Neighbour (KNN) TSIRUH &t 1 Sagehel 27

3Tl Need of K-Nearest Neighbour (KNN) Algorithm :
KNN Algorithm 1 ST&<d %l G7gM = ol ¥ T example 1 e ol fTaH TAR I €1 WR &
ST B, category-1 ST AT category-2 T2l 31a 5T it S T ST A € SR ¥ I8 T
21 2 fip 9% < frg HI ¥ fact=n HUn O S AT F (KNN) T TR FL TG B

Categ.ory 1 /New Data Point Cateiary ! - g:;’;r%a.:% Point
- = H r = ] /Category1
X =/ ] X H H
" L
= Category 2 B ¥2 category 2
" > : >
Before Apply KNN Algorithms Before Apply KNN Algorithms
7= 5.4

Uesl 12. KNN Algorithm &t ®1d-fafty awemsa! i
JTUT  KNN Algorithm % F-fafer 91 gu frefafed = & 51 999 ¥ €—
1. KNN Algorithm & wwmﬁﬁé@éﬁ@axﬁﬁﬁaﬂmméﬁ%uﬁﬂK
e Pt Yo ) HET AT T W EH B SleS Seg B K i ey et i fe
TEnftan w1 fedied o o 3mart Bl |




_ =CT oRE it Aeftar arfefar o mefmeftngerifey <. 55 -

K=3

Category 1 :

1 New Data Point
- @ [tk ] /

[

| =" a® @
4] 2]
e
' ra m ™ caregory 2

y
31 5.6

2. @i step ¥ €9 new data point W Nearest Neighbor 7 fem = %ﬂ@?ﬁ ?x'ff?l, 31# fer 7 Ffataa
Euclidean Distance & ¥ I TN HA—

Euclidean Distance Formula

D= (Xo —X1)2 +(X0 —Xz)z . ~
N &1, D = Distance 2
O = Observed value

A =Actual alue :
3. T step H KNN Algorithm, new data point Y S 3% Nearest Neighbor point frared & 3R 98 oft T

Fdl ¢ T fhA Nearest Neighbor point, new data point A faar w3 B
4. <= =29 H KNN Algorithm, new data point ! 370 7 fearse o 21 New data point 7 category &
Y I Nearest Neighbor point J belong HLM IHH IH category Tl A feran s
‘uea] 13. KNN K-Nearest Neighbor (KNN) TRy ¥ TR R A TR Tl Siferel
3'!."171.." : Advantages of KNN K-Nearest Neighbor (KNN) Algorithm 3Hs e fFAfafea F—
-~ 1.KNN Algorithm F TN FHTA agd &l SAEH B B
2. KNN Algorithm I classification, Regression €T searching F fau off s foen < Hehdl ?
| 3 KNN Algorithm, Noisely data & .faw 91gd B robust ThF 9 T L B
4. KNN Algorithm @ S SE TR F AU o TR fR ST 9 B
Disadvantages of KNN K-Nearest Neighbor (KNN) Algorithm 9+ 2 Frafafea %—
1. Example 1T SET € T THH! ST AR et g <t 2
2. T k& o i feetmmEs &G gsdl 2 S -l AT complex B S B
3. KNN & HeerT cost TG Bl @ Fifw Wt o1 Wi & o 9 fewm 1 fraprer 2 21
4. KNN T& Lazy Learning Algorithm%\ E2IIED ?@; ferg T&e! ¥ BT available T ST ﬁ?ﬂ ‘% iR T DS
S 2 F ER FE 8 IR IHF A8 A W WEY FI@ B

uesl 14. K-Nearest Neighbor Algorithm 3 applications FIgU|

Nearest Neighbor(KNN) Algorithm ~ KNN Algorithm 1 real life ¥ g G <

3TT  Application of K
o & @ <1 7@ & S @ S wEw € S FreEte 2 —
s KNN Use in Medicine  KNN Algorithm &1 3% &1 HEF, ST, 567 O 3R B predict 0 F ey

mm%é{g’%ﬂt&ﬁﬁMNGﬁW@predictﬁm‘mmmﬁ
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2. KNN Use For Recommendation System  YouTube, Netflix T _353 TR search a:_!lrlg,ir\l_e H &
T F W mﬁw@\qﬁﬁﬁaﬁa@%MMNwﬁm\mm d el e
3. KNN Use For Finance Sector m fes 9 TWEd, O ﬁﬁig‘z» RiF HIsHe,
I, T e TR K SR § KNN ® TS A S i
4. KNN can be use for Text Categorization KNN Algorithm 1 TR IR FEWEATA | of
im'mﬁl?{r?‘lTenmtegomﬁonﬁ?mﬂg@agﬁﬁmqaﬁﬁm@ 3
5. Agriculture Climate forecasting R S KNN Algorithm &1 N R W g ®
Agriculture ¥ 754 € SIEIHE Fieq € FHA 81 K-Nearest Neighbor I #&g [ wHA! T
FI 1 predict fF31 91§l T
Uee 15. Iy voR & distance measures &I ?‘?
ITT oo TS TeS ouT TEE 9 I distance measures % SR SR T AR T—

(i) Hamming Distance, (ii) Educlidean Distance, (iii) Manhattan Distance, (iv) Minkowski Distance

YU2e] J B. Support Vector Machine Algorithm &1 2?

39T Support Vector Machine Algorithm, Supervised Machine Learning & 3idild 3Tt ® foma
pete2! 3‘:{‘\"& TRIF T 5§ classifym‘@ﬁ'f %I Support Vector Machine, Machine Learningﬁ LED
Tt Algorithm ® S classification 99T Linear Regression 3 f&70 €21 #! analyze it B
Support Vector Machine Algorithm (SVM) J&Fd: €Il =1 T s § fasnfea @ & fag T i
s 2, foa® o) 3 F 9R W o e S w1 53 Wi @ S¥ oS S @ Support Vector
Machine Algorithm U& HTSiH % S R o1 S & f€a®s X 241 ®1 Support Vector machine (SVM)
1 Support Vector Network (SVN) ¥ F% § i 1 Wt 2

Support Vector Machine (SVM) 7 &7 Image & classify %%, handwriting I Recognize F¥ T41
text Tl categorize FH 3T § e o B

Support Vector Machine T& W&R &I non-binary linear classifier € S 9i9d ST &1 S 9 o
fearss = 3

34T EﬁRﬁITICIusteﬁng Cluster Analysis clustering %t F&d 2l Clustering Ush ST2T analysis
EA i ﬁﬂ-TET IR T A=o<E FI TH THR A -3 T (clusters) ¥ divide fovar wmar € 5 s
mzm‘am HiH T4 Tl 3% 0 9gE (duster)ﬁT@TW%\’:ﬁ{fWTﬁalé Sisaeg #
T cluster ¥ @ 9T 21 Y& cluster & K ESEEL TR dluster % 34"1@323{ T fi= 8 R

X

A

Cluster 1

Cluster 2

Y

f= 5.7
THRT /= fS=h & vas asp?ctsz 3 clustering ¥ role KGl %I SHREUECD rﬁQ [E3 restaurant‘af
m*W W-Wufczod ?W [ 3?7? vehicle showroom ¥ cars, bikes T9T 37 vehicles Bt 21 TF
cluster ¥ f wft ssw7m € € 3% UF 99T ¥ FU W treat FEA T B




_ 3TeT g 3 Aefier crfefor o wvim et e -

el 18. FweRn 7ofis & wor aasa! * 57 =
EAZR] TR aaiie & noR Types of Clustering Techniques Cluster;
ot 2— ering ffifgg ST =
1. K-means Clustering K-means clusteringaﬁ Portioning clustering 9t %gg &
‘w Sl 1 erer & o &9 T % K portion F T € mpoﬁgmﬁ A g
e ek (K < N]K<_N®HT® el T & 6 TS SAlesty Th clusterﬁe{j?rw
? 99 A Iz of zytar & fiF @@ Cluster FH-T-F1 TH A(ATTH B! contain 53 m‘lﬁém
2. Hierarchical Clustering Hierarchical Clustering e A THR A FG| ‘E:"-— ‘

(a) Bottom-Up  (b) Top-Down
Bottom-Up & N ifesraed JTCTT-3TTT WI%\IT B § 3R R Tl step & ww sy
TR aﬂ'ﬁm%mgq&:mﬁmm% iR U 79 9% Tl WAl © 99 aF fF g
ST@'&E\'H Teh 9% (Cluster) oy A&l 3T S %I
Bottom-Up I Agglomerative clustering *ft ed Bl
Top-Down H gt sifestaed T € 9 (cluster) T B & 3R A 37T step H AH-3TET B
Eﬁ%aﬁiﬁmwaﬁﬁm%mwﬁﬁmﬂmaﬁﬂ-wﬁam%

O Divisive Clustering f Fed B
A

Agglormerative ( P,q, T, S, tJ

Divisive ¢

= 5.8

‘g2 19. K-Means Clustring HHgI5T |
3T K-Means Clustring K-Means T& unsupervised machine learning algorithm g S

clustf:ring i SieeTT i & F N ST N o S §1 9% ST data sets I clusters & I
c':Iassu:y? fear < €1 981 W cluster o1 Haclsl WA ¥R & data group J 2, 5 T & FER &l
mforr.natlon Ed contain FF T & T&l W cluster F 79X B k ¥ represent Fd 21 K-Means
algorithms cluster % 37a% % FT point P pick FTA & I7 point F cetroids FE |
9e¢ael 20. MeanShift Algorithm @71 uR=rg dfdta)
. ﬁ::szaﬂﬁwda;ﬂ w&auﬁrv;a;smn Alégorithm IqE T powerful FARRT TR
' '?””” EXEIL pervised learning ST §1 K-means clustering 3 fedid, T€ @I &
T A 2, vHfery 7w ueh -tifee weiieg ) ; |
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58 .. v_l,nm,‘?ffﬁéﬂjo‘ff_%ﬁayﬁﬂ% BANE.

-fary TMRer 57 ot (Working of Mean-Shift Algorithm) ey
'“')“S“? R Steps 71 g 4 wir-feme. T TEARAN % FTH H
4 €p1: First, start with the data points assigned to a cluster of their own.
(if) Step 2 Next, this algorithm will computer the centroids.
(i) Step3:In this step, location of new centroids will be updated. '
(iv) Step 4 : Now, the process will be iterated and moved to the higher density region. -
v) Step 5 : At last, it will be stopped once the centroids reach at position from where it cannot
move further.
UReT 21, Dimensionality Reduction Technique UX dftra e fafaal
JTT Dimensionality Redcution Machine Learning Y Dimensionality T Hdcid
Database ¥ fha™ Feature 9T Input Variable gl . .
W& 3% database H Features @l W&, observations Tl TE&AT &l eIl T Fgd &1 gl 2 ?lT
model F TEl T8  train FA § HSE I HHA LT 98dl €, 39 "Curse of Dimensionality” Fgd
®1 9yft7 @ffT Classification problem ¥ %% &R (factors) 2 € o TR W final classi\fication
B él J FRF basically; variables B % fST=" Features ¥t #gd %"I ST S91eT features B 2,39 W
e ST HT S G FST 81 81 TF H 9 Dimensionality Reduction 1 STANT FA
~ Dimensionality Reduction T & W& ¢ 9% 81 Principle Variable % # H1 aF& F,
' Random Variables F T&1 I &9 f5H31 a1 2 ?ﬁ =3l § %€ I High Dimensional Data-set &
Low Dimensional Data-set & &€ell STdl 21

Yl 22. Dimensionality Reduction Technique ¥ components FT 87 )
- JTT Dimensionality Reduction > Components’ Dimensionality Reduction * 5’@ Y F 2
Components%?ﬂ{ﬂiWﬁﬁﬁﬁam@mwm%l
1. Feature Seletion THH T& &g T U2 & Subsets T4 Sd 2
2. Featlge Extraction 9% Data ! high dimensional space ® lower dimensional space § agell
Sl =l

o ¢ fF aToy

Selection

a
=

Combination

fa= 5.9

¥l 23. Dimensionality Reduction Technique & T3& &1 87
3T Methods of Dimensionality Reduction Dimension Reduction 1 f7 methods & &

fear <1 gt 32—
1. Missing Values 2. Low Variance
3. Decision Tree 4. Random Forest

5. High Correlation 6. Backward Features Elimination



3dT

Jdz L J2ad Neural Network, ma

arey arged 3N arofter @fefor o nofm gy ety

gd Classification ¥ fa sk TRy
Clustering Bd Classification ¥ & i
” [ R

59 .
ueel 24. Clustering 9

S r—

i Classiﬂcntlon —s m— C!i‘f‘_f,‘.‘:.'f{'{g
with help of class|It s similar to classification I)ah;lhl:,'*-,__%_%'l
‘ e

predifined class lable are o

ata

————

h—-———“'———_———
process of classifying the d

An unsupetvised learning technique

A supervised learning technique penised ¢
a class Goal of finding similarities within a given datase;

Goal of assigning new input to .
works with unlabeled data

tWorks with tabeled data
Known number of classes Unknown number of classes
0

ygel 25, <R Aeah 71 87 o
chine learning 1 T type (ST £ 9l G< T& human

brain (ATH ¥ feam) & W@ 3T Hied I TR B %I Neural Network Tch gnificial neural
network AT TATH algorithma? R computerﬁh:l (e ¥ dige &l dmehd T 9 o EIEEH
EIERIE computer':?@ 3 9t I 3194 319 21 analyze F o, E | HTﬁ experienceﬁ? YR T
o9 ¥R 799 (human) %1 nervous system work a1 € 3% 34! TF artificial neural network i
A A 21 I WY veE] H FE WY @ Neural network, Information Hl process A HTH T
type & S fl TR 3 femm A e FW F Q1A R H A Human Brain el

e informationzﬁT @ 31 fivf o €, 9% 39 SR g9 3 < Sl computer 91 machine Y FEM &

e neural network I FQ B

; fam ¥4 Human ED Prain ¥ neurons 3TTH ¥ @—1’@ ¥ connected T&d %, 3t 34! YRR neural
K * network # 4 9gd IR Nodes H HE Qﬁh‘—{{ﬁ ¥ connected T&d B
. Uee 26. Neural Network A F1d B g7

3UT  Neural Network ! working process e feu fo=1 5.10 & g qad gahd %

Input Layer Hiddon L Output Layer
on Layer

4 5.0
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f?Q’Tana 510 g no_des'% S TH-TER W connected §, T8l T T node AYH 3Tl layer & wmt

nod = i
Y “:as connected §1 &7 W arrow ST processing ® direction 1 =l T&1 2.t = el A w7
flow grm A Ca)

Neural Network % afet basically 7 Ta Bt ¥—
1. Input Layer

2. Hidden Layer
3. Output Layer
1. Input Layer 3Ha 3ieX 121 H input ¥ X W far < 21
2. Hidden Layer Hidden Layer % igX fST 1T data processing BTt 21 Hidden layer T 71 U 4
e H R R T R Hiddenlayerdataﬁﬁmmém &H 3T blog # T&I
3. Output Layer 4% process TU data & result & &9 # show HTA ¢ 3 result fGC T data &
ISR TEd 3T # A neural network 3T input value % 38T change Tl 8 3R TH W49 &1
T & et £ 3t 3 W8 7 ah werdl @ 5T e @ data % T desired output 7 A ST
U2e 27. Neural Network $8 T3 Wt 27 ,
3GT  Neural Network ¥ il task 1 q0 &am & fau fFdt WM algorithm Ht W&
programmed 781 a1 1 Wehell 2, F7 TR Fopell BT o=l 0l 1S 18 <ot Wi o forg S8 99 i
¥ 9R H Fa Ul %‘ 3k AL Gl %, 3t I WHR neural network &1 Wt Information & TR
TR-9 data SH SY train HT IS 2
7% Neural Network ! @7 &R ¥ learn I ST Tehell 8—
1. Supervised Learning I€ 9gd & 3THM strategy ®1 neural network %l learn X &I i
V39 3T W 2RI T | 9% labeled data BT 81 39 FRUT FHL WA | G 1 © F q@
data foFd JFR T % 3R 319 result T m@@w%l
2. Unsupervised Learning ¥9 method %1 B9 IR TAM FA € W8T §AR I labeled data &l Bl
€, 39 10T 3! implement FTAT G121 i 81 Wl €, T F81 W S ol ¥R 1 8 4 T8
ER GG |
3. Reinforcement Learning 39 algorithm % 3G neural network 379 379! feedback <l ? 3
341 feedback ¥ Hra &l 2|

Y2l 28, Artificial Neural Network & IR &1 §7
JUT  Applications Of Artificial Neural Network 371 & ¥9d # Artificial Neural Network sgd
IRl S YA ¥ @ © S 9 frefafea 3 —
1. Image Detection Image Detection % 31X Artificial Neural Network 1 ST 315t 9gd SamQ1
=1 & foran = @ R
2. gace Detection Face 1 detect % & fAU 1 Artificial Neural Network T ST fohan <1 @1
|
3. Military 351 B9 military ¥ 9gd Wl 8 use W Hhd %; aﬁ—weapon ¥ orientation ¥,
target F1 7% F1H T e
4. Medical Hfedhdl % et HTT A #! analyze T A M 36H 31T fohan v &)
5. Software pattern, character 3f¢ I recognize FA W R 39 ELCIURERIESIRSED 2l

6. Credit 9ard Fraud Detection Credit Card Fraud Detection & f&TT %t Artificial Neural Network
F1 393 R o 1@ B
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Mlnlng Socral Network Graphs
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Ueel 1. AHd ToR FdE & AR T ﬁw#aa’m-m-—ﬁmmw&w 7z
el 7 gam 87
(a) Face book (b) Twitter
(c) Linked in (d) My space
3d<T  (a) Face book :
gedl 2. Community detection % fo #19-41 clustering qEtE i w77
(a) K-means clustering (b) Hierarchica] dustering
(¢) Mean shift clustering (d) Z7% | % 7
)H7A T

" 3gT  (b) Hierarchical clustering -
g 3. P A | PA- zﬁclustenngﬂwﬂ ZE3Fes UF 71 9 (cluster
 (a) K-means (b) Mean shift
(c) Top-Down (d) Bottom Up
FaT  (c) Top-Down
 we 4 ﬁmﬁzﬁgmmﬁﬁm#ﬁ&mmﬁ?
(a) A5 (brands) (b) 34 ( discussions)
(d) #f=5] (interests)

,' (c) T (people)
Iar (o TE[WI (people)
7 wirgal 87

ged 5. Pre A A PA A G :
(a) Edge (b) Degref- »
(c) Neighborhood (d) =g A T3 A%
Fae (@ Edge
g B. Mﬁﬁ*wﬁ’aﬁfaﬁﬁm@wﬁmmm%ﬂ
(a) Degree (b) Modes .
(c) Edge (d) 78 ¥ F1Z T2
37 (b) Modes
#fmﬁzaf%ﬂ%szrﬁﬂﬁmﬁﬁaﬁq U FEE 87 |

(a)mmmmmqmmmwm
(b)ﬂwr’fmﬁmmmmnmﬁﬂnﬂm ’ra'-m.fn
(c)mmmfémmm?mnwmmmwel

(d)mmmmmqmmﬂﬁﬁwm P Lk

s (o) T Al i w A A

BU—————
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WS 8. i ¥ A a- wixra Jeafhn @ffa (SNS) users T UF mini-communities 13

groups 91 & YT allow &t 87 .
(a) Profile-based SNS (b) White-label srqs
(c) Content-based SNS (d) z794 A &1 EEA

3UT  (b) White-label SNS
7qus ‘31 : 3iferey Iudta uee

LT 1. wiwre HWifew w faa & 87 ) !

AT a7 2020 9, g R F 4 3.81 faferd @m wwE wifza = FeAm #1023 e s
T e 3 45 T (penetration rate) 49% 2 |

Ues 2, ged diehy A dfea wewd Fa1 82

3T A ToR FEE F MEUR W, $HIF G AFHE AWE HifzF wEwE a9 7412

UL 3. Instagram IudnTaaisl @t sivaa sy w1 27

I e, SUEHY SREE STATwd 18 ¥ 34 94 9 7Y F A4 F 2

U2e] 4, Community detection F fou a1 F clustering technique AT &3d 87

39T  Community detection % & Hierarchical clustering T3 T TFd Zl

Weel 5. Hierarchical clustering &t approaches -8 gidl €7

3JdT. Hierarachical clustering &1 two approaches Brdt & Agglomerative hierarchical clustering
3R Divisive hierarchical clustering. A

el 6. Agglomerative hierarchical clustering (Bottom-Up) & aR¥ifid #ifema)

JUT  Bottom-Up H YT Hesiacd STeRT-3Tel TYe & B € IR e 373 step 9 U& H5IaH
TR HHTTH & 19 TF W H WAfed 2 € iR T qa % For W 2 9 0 G seimm
U 998 (cluster) ¥ T 31 9 2 T Agglomerative Clustering ¥ F&d 2

W¥el 7. Divisive hierarchical clustering (Top-Down) &t uRHIfdT FifRTe)

Jd< Top—Downff gyt Sﬁ'@?t%:ﬂ T 8 9Yqg (cluster) T 8 % 3R A I stepf{' 37T 37 BT
TEd § 3R U 79 9% B o qF £ W SeITEH Sen-oTe TE § N 1 T9E Divisive
Clustering *ft ¥&d Tl

92l 8. Social Network i Varieties a1

3UT  'Friends" Fed% % ST social TE F FF ISEIN e—Telephone Networks, Email
Networks, Collaboration Networks, messengers 7G|

WUs ¥ : g UF o 3wia uQe

ULt 1. e Aeafdn w4 87

3T:R:' Social Networking T#% “Network of individuals™ T S T S 9 <, ﬂﬁfﬁ, aeH
AR TEFH ¥ ety a9a 21 TR & faq, Social Media @& social networking service € EREEI
I METTA S S Y Jed € 3R 399 ¥ communicate 3R information exchange FXd H \
% “Social Networks” 3TTH! @il ¥ g 31k TARTF relationship S ¥ FE! help FTd ¢!
Facebook, LinkedIn, Twitter 3R Instagram 379 & T popular social sites FI[AE W
xa;\lemorking €, W&l 319 virtual community ST T 3 online 3MYH H F=A F1 AT

el
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_g7er ey oite aiefler cifefer o aghi weTer A W - LI =

et S, S, e, T, W S A 3 W d T fe 2 S
el Wifean wrfFd w1 3udm 2

Weol 2. A |IfTe Jead 1 SuanT F #a 87 . 5

It Wmmﬁmaﬁﬁnmﬁﬁmawmﬁﬁwmﬁ%gﬂ%ww
‘“Waﬂmaﬂw%ﬁmmmmmw@mélmmmmﬁm -
ﬁaﬁ@ﬁﬁmmﬁmmmaﬂmmm%m,mmmmw
SR SR T RS el 1 A HwO

Ueel 3. 3T e alsiiy | Aead #4187 :

I Waaﬂaﬂ@m@aﬁwmﬁaﬁmmmaﬁzmmmw

21 A Sreafdm Tz o mﬁw—q@ﬁg@mmﬁmwm%lmﬁﬁgﬂﬁ%ﬁ
Fﬁaﬁﬁﬁwmﬁm@w-@mma@w@m%nmm
Jeafd aRed T Wﬁmﬁmﬁﬁ«maﬂ?mﬁmaﬁﬁmwﬁaﬂ?ﬁ%éﬁﬁmwa
Wﬁ%ﬁﬁ@ﬂﬁﬁ%ﬂmﬁdﬁmmfﬂal o e 9 39 WRE WREH H
Wmﬁﬂmﬁﬁﬁwﬁ@agﬁaﬁ%ma@mﬁaﬂu

( :
¥
o
‘ w R Wi
5 3 Fiads
4
- i

7 6.1

ygel 4. AN Aeafhn & @Y darst]
JAT Ao Yeafd & o Fefared e—
(i)Wﬁ%ﬁ%ﬂ%mmﬁmﬂﬁﬁﬁﬁﬁgqﬁmmﬁ@wmmﬁwa
SR ,
(ify TR AT FT A S ST F KR G R T €
(i) % o A AT GreeE T fas w R W W g 2
(iv)mmwﬁmmmwm%,
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(v) TrTe Yeafln e & weEm ST A T o fF e W gh @ )
(vi) TEFF WA [ SNYH! I R FH wegy T e &l -

el 5. Aifee Aead & IdTeRUT Fdzu|
IAT W Jead & ST frefatea §—
(i) Bebo (ii) Classmates
(iii) Facebook (iv) Friendster
(v) Google+ (vi) Instagram
(vii) LinkedIn (viii) MySpace
(ix) Orkut (x) Twitter

(xi) YouTube
weel 6. HIXe Aeafd 1 & JHHH w1 87
IaT e Yeafd & JHan frefaias §—
(i) Tl YeafdT ST HAfEE SR WEKHS €Y Y WAR X T B
(ii)maﬁaa%n%@maﬁﬁwﬁ%mmwﬁ@%ﬁm%%mfma@m
fas & Tl 2
(iii) 3T e Wreer Feafd WEed W wH fomm emvent freht o1 fewar =9 St 21 a7 39 st
m@ﬁﬁ%ﬁmﬁ%ﬁw@ﬁﬁwﬁ%@mw%m
&l e g |
(iv) % 9IR e FeafhT TRy F S SeT 3R BEl 9 1 fow SW § et Yo e S %
foru foman < Tt 2 '
Ueel 7. Social Media T g7
JEUAT T3 A & T H social networking v/s Social media ® ¥4 & T 3 ST 9mE z, facpa & 3
T WHE T © T QST-HT 3 7, Social media (Contents) & 5 1q ITAIE F T, 9 T
oM, T, S, TES W, Wehre, THER-TF a1 S5 1 Sk 3797 S share fF2 & 98 o 2@
W%Wﬂﬁmﬁmﬁcomment, like 3R share T T
STV, W Feafh § oqg Y T2E 7 SN 1A 50 Students HTH Social networking website
%Wﬁ'&ﬁiendsa’?‘]‘q%ﬁ'{HolidayWﬁwmaﬁ@@ﬁméﬁmwﬁ,ﬁ@
Social networking website T ITIRT 47 9 fe Whatsapp, Twitter, Facebook 37 3R share &

Y2 B. Social Network as a graph & 310 F1 T2 27

3UT  Social Network as a Graph
A greeh il o‘

boolean (friends)
relationship

o= 6.2

¢ Check for the non-randomness criterion

* Inarandom graph (V, E) of 7 nodes and 9 edges, if XY is an edge, YZ is an edge, what is
the probability that XZ is an edge?
— For alarge random graph, it would be close to| E | /(! V1C,) = 9/21 ~ 043
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e T o wefier cififer o g Rrer e AR

— Small graph : XY and YZ are already edges, s compute within the rest

— So the probability is (| | -2)/ (!¢, -2)=7/19=037
« Now let’s computer what is the probability for this graph in particular

o For each X, check possible YZ and check if YZ is an edge or not

o Example : if X = A, YZ = {BC}, it is an edge
X= | YZ = Yes/Total

A BC 1/1
B AC, AD, CD 1/8
C | AB 1/1
D "BE, BG, BF, FF, Eg, FG 2/6 .
E DF 1/1

F DE, DG, EG ‘' 2/3

ik G DF 1/1

s ‘ Total 9/16 ~ 0.56 .'

uZet 9. 202

0 & ATE-Aead & 3T TPr 1 &7
ITT 2020ﬁ@w—ﬁza¢%mmﬁmﬁf@ﬁ%— |
(@) ‘g 3zqd”’ : Facebook, Twitter, Instagra, linkedIn 37 2l
(ii) Al H3 59 TP 9t social networks %l ‘

(iii)ﬁﬁ:iﬁ\ﬂﬁ?ﬁﬁ*:ﬁf@ﬂﬁ?wg |
qﬁ:mﬁrs%ﬁ@é@mmnﬁﬁ,mmﬂaﬁqﬁ?maﬁaﬂﬁtw@ Edge %,
@HWEdgesﬁ weightedmﬁﬂmél

ﬁﬁaﬂnﬁqﬁmw,maﬂmaﬁﬁam
V() T ate, TR o GRyETe® Head (messanger network) 39: Whatsapp, Email Network : nodes

are email addresses

| m1u.mmf%t$ﬁza%nﬁmﬁ$mw?? |

CaEw G Sedie 13 & TR Types of Social Networking Services NI AT

.« gf&§g (SNS) FI a9 9T Internet 1 mobile-based social space ¥ wq § gftenfya feran ST 2, el
ST connect 3R communicate T Wk T services 21 o7 fesroaradl 3 HROT STeTT-STeTT U iR
@ T 2, 3 i refared e —
Profilg-basg_imSNS ?W—aﬂmﬁﬂ arsit i q& ®9 ¥ members % profile pages T IAE-TE
orgar_used ST 21 379 fFE individual member @i information; EE) picture #R interests &
o § e e &1 Facebook S 3aTEE THeH T SeT ST 21 ST fere S WA F S
comment 4 post & WFH ¥ share F B
Content-based SNS & ot oo
o ¥ s L& I\;t_%;g.orksm &, STl 3119 video 3R photography content %! upload F
e & w31 ma‘“mq*',ﬁ ngwﬁ %t qoften T2 B @1 Youtube 31 Flickr 3% 358
mWﬁWﬁMﬁaﬂé@Hm“m' ?@W%lsﬁ%m‘ﬁplatfomsﬂ@i@’ﬁ
White-label SNS  3H&HIW Social N -
e w4 @ AT 72 ST allow Fq‘?;]wmkmg sites 37T users I group builiding functionality

ST & T& mini-communities I group I & feTTl Ning
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T\ﬁ. Social Networks 1 sy S T WM Fead AR 9 ged ¢ M 319 group H @AM
mnv Q;tﬁ : Q
M lt.e %l K 3Ty specific interest 37X activities i support h{dl &l 5 _
.ultl‘USer Virtual Environments  Sites ST Second life 3R Word of Warcraft m)? online
Virtual Environment YeM ey HE Eal % irtual representation) ¥ interact
users Q?m"—iﬂ'\{‘ avatars (virtua p _
%':[ 'aﬁméﬁﬁ‘lﬁa&%ﬁaﬂqﬁnwﬁsﬁ@ﬁ%ﬁnwmﬁmmﬁmm Tafi & T e

Social Search Social search engine Ts TVl web development g ﬁﬂﬁ social network Eﬁl
Popularity 91 utilize fia1 2, fafirst wr 3 Trfirss B 2o T, ©ifeh Wink 3R Spokeo %% Social
Networking sites e WFEe ¥ @ier w0r RO I A €
MR 11, v Yead are w1 a? .
3T m%mﬁmaﬁza% WW@W%WﬁmodeledmpW?{ﬁ@\ﬁ
‘ W—wmﬁm%mﬁﬁaﬁam%@‘enmesm@?ﬁ?i 7fe rew e § Fafea €
TS edged g™ ® Sirgar 81 A relationship ¥ g 12 degree %, T edges I aaa w1 39 feih
1 SfafAtae foear s = R, Qv graph undirtected g1d %, s fom L\hﬂgdﬁ Tl & ATH & fem
BT 81 T 3 directed fere =1 W ¥, Sereor & faw efaex o Google+ W followers & graphl|

EN

W21 12. HINTE ead Ut & FerveRn $4 &rd a1 27 ¥
I Clustering of the graph is considered as a way to identify communites. AT ‘% FA=faT o
Frefafaa s wite §—
1. Distance Measures for Social-Network Graphs
E o Applying Standard Clustering Methods
- =R feTT 1 IMMT approaches 8—
Hierarchical (agglomerative) and point-assignment
3. Betweenness
i 4. The Girvan-Newman Algorithm
9% 13, 9RME-Aead U § FevelRn @ sst w o 37
ST NRIE-eed UG § FeReRT— |
@ Locality property — there are clusters
® Clusters are communities

—  People of the same institute or company
—  Peopleina photography club
—  Set of people with “Something in common” between them
® Need to define a distance between points (nodes)
® In graphs with weighted edges, different distances exist
® For graphs with “friends” or “not friends” relationship
~—  Distance is 0 (fn'ends) or 1 (not friends)
- = Or1 (friends) and infinity (not friends)
- .= Both of these violate the triangle inequality

: "'--j-; . Fix triangle inequality: distance = 1 (friends) and 1.5 or 2 (not friends) or length of
.= shortest path
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Traditional Clustering ’

o

/ ) : E .
~,

® Intuitively, two communities .

® Traditional clustering depends on the distance
— Likely to put two nodes with small distance in the same cluster

—  Social network graphs would have cross-community edges
— Severe merging of communities likely
® May join B and D (and hence the two communities) with not so low probability

. - Betweenness of an Edge

= 6.4

0 Betweenness of an edge AB: #of pairs of nodes (X,Y) such that AB lies on the shortest path

between X and Y _ :
—  There can be more than one shortest paths between X and Y

—  Credit AB the fraction of those paths which include the edge AB
® High score of betweenness means?
—  The edge runs “between” two communities
® Betweenness gives a better measure
—  Edges such as BD act a higher score than edges such as AB
ueel 14, firas-=A7 veifus & e SR
3T The Girvan-Newman Algorithm :
® Step | — BFS; Start at a node X, perform a BFS with X as root
g:;::";eit::el of node Y = length of shortest path from Xto ¥
Ui en lfevel e called “DAG” edges
o Step :C-— L‘::e;:ge' Is part-of at least one shortest path from X
g : Label each node Y by the number of shortest paths from X to Y
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Step 3 — credit sharing :

® Each leaf node gets credit 1
® Each non-leaf node gets 1 + sum (credits of the DAG edges to the level below)
, k) be parents of Z, p; = label (Y;) credit

® Credit of DAG edges: Let Y; (i=1, ..
¥, 2) = credit (Z) x p;

(pi +-Px)
® [ntuition: a DAG edge Y;Z gets the share of credit of Z proportional to the #of shortest paths

from X to Z going through Y;Z

Level 2

Level 3

G
1 @ 1

Finally : Repeat Steps 1, 2 and 3 with each node as root. For each edge, betweenness sum credits

obtained in all iterations / 2
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T 15. Warg o 37
Jax 4

mmﬁg 'E-'T';IU S‘Ogiely connected) €| . G
Eliterenty W;“-W.mmm,aﬁ@mﬁ‘f@ﬁmm e
fredem T W AR, T - s1cm wfo A3 4 93 A W I o ki
) TRC T Wi, weafil sy @ o W @ € :
Graph § comnum&esiﬂﬂmanﬁ%mg@mﬁaﬁmﬁaﬁ%g—
(a) Agglomerative Methods (bottom-up), (b) Divisive Methods (Top-down)

W21 16. Graph # communites # direct discovery A s Ffe

3d¥  Finding Communities using Betweenness :
Method 1: (Bottom-up Approach)
® Keep adding edges (among existing ones) startin
® Gradually join small components to build large connected comp

g from lowest betweenness
onents

mmaﬁgzmqﬁ»mﬁm%mﬁqﬁmmwm%Fﬁ@'{‘“
F - ; g o

e

mﬁﬂ?mﬂaaﬁm:mmmm s 09 [
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Method 2: (Top-down approach)

® Start trom all existing edges. The graph may look like one big éornponent.
® Keep removing edges starting from highest betweenness

foz 6.8

i ] L Py
: ¢ L o © o

o7 6.9




Y

-E’Eriﬂs'aaﬂzasﬂaaféfmmsﬁnmﬂﬁza%m , .71 ——

e o | 9
, 0 A 8. a
At some point, removing the edge with highest betweenness would split
! _thegraph into separate components . _ s

f2= 6.10

gﬁw.a}mﬂa’a&wm%nﬁmﬁaﬁwmaﬂwﬂﬂ .
B Jead H WE H T H

- 3T % & ¥9 A | dzad Social Network as a Graphs
§ modeledf??rTCIT?ﬂﬂT%"l ﬁl@%ﬁﬁ“ﬁ—ﬁ@?ﬁ%%@ﬁﬁ?ﬁﬁm%l entities‘ﬁ'é:q'eﬁﬁcli?l g
: ﬁ"l?@ Jead; | Halgd g d TF edge ql Tﬁgj\:[?m':l Sredl 21 Ifg relationship q eI &IE degree %é—j-[

Mgesﬁéﬁﬁ%ﬁ%ﬂﬁﬂﬁfﬁrﬂﬁmm%l TR, HIvId graph undirtect'ed%ﬁ%,
fFT o1 G B ST  fo et

ﬁmaﬁ%mﬁmm%l SfFT 3 directed
Google+ T followers % graphl _ Friends of Friends

T 1 S A €, T ST A T e
memammxﬁ%@mma
o F & e §1 e ¥ o, FeE g
@mam%maaﬁﬁamwm%;
v tferm fi 31 ) oA, o A T PR
m%maaﬁrﬂﬁmmm%:ﬁmaﬁ%
o e T ST A €
Example of Social Network Graphs :
T 20 G % wEgH @ T S I A (e, 81

T Y WE 3T T Y Ak g S wiedr (9) |

mﬁmmﬂ?ﬁmﬁﬁﬂ
mm#mmﬁwmé,mwwmaﬁ%mﬁﬁmwm

¥ S 3 fero o w2, O FRE O H el AP et €2
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Safiae st €

Dude may only have 3 friends himself, but his friends are very well connected. Dude is either

Friends or Friends of Friends with everyone except Diva, and Devon.

U251 18. Graph H Neighbourhood properties F} sren FRTI
3TUT  Directed Graphs in (Social) Networks

® Set of nodes V and directed edges (arcs) u — v

® The web: pages link to other pages

® Persons made calls to other persons

® Twitter, Google+: people follow other people

e All undirected graphs can be considered as directed
— Think of each edge as bidirectional

Paths and Neighborhoods

o Path of length k : a sequence of nodes vy, vy, ...,

i= k-1

Nelghborhood N (v, d) of radius d for a node v : sel of all nodes w such that there is a path from v

to w of length < d '

® For a set of nodes V, N (V, d) : = {w | there is a path of length < d from some v in V to w}

e Neighborhood profile of a node v : sequence of sizes of its neighborhoods of radiusd =1, 2, ...;

vk from v to vy so thatv; — v;q is an arc for

that is
INW, D[,|N(v, 2)[,| N(v, 3) |
Neighborhood Profile :

D
for7 6.12
Neighborhood profile of B Neighborhood profile of A
N(“B,1)=4 N(“A”,1) =3
N(“B,2)=7 N(*A”, 2)=4
N(“A” 3) =

H%a1 18, Hierarchical Clustering T faar A zrzﬁ FIfT|
m

Hierarchical Clustering : Hierarchical Clustering = S ¥R =it Bt ' —

a) Bottom-Up

(b)Tcrp-DOWn
Bommupﬁmmaaﬂ STETT WE T B § 3N fR 3T step ¥ U sifeorad@ T

tﬁmawwﬁnﬁnﬁamémﬁmmaﬁaﬁﬁm%ﬁawﬁwﬂmﬂm

; WW{K (clu';ter) 7 a1 9| 2

e ok R R

P e e Tt
T AR g S :
hlﬂ;‘u&%ﬁt&d—.ﬂ&u‘-w“—«eawg > 2

L
T



T ZTET A3 G Ffte e - mefmamE as w73 C—

Bottom-Up F1 Agglomerative dustering 9 #73 21 .
Top-Down & W4 Af¥am vz 41 7 (cluster) B 872 # 517 7 57 step H srerm- o7 €13 T3 8
¥HF] Divisive Clustering 5 Fz5 |

4

Agglormerative [ P. 4, r.s,l)

N

&= 6.13

Divisive

Yol 20. Explain partitioning of a graph in detail.
Scit There, it is evident that the best partition put {A, B,
other.

C} in one set and {D, E, F, G} in the

The smallest cut might not be the best cut

Normalized Cuts A proper definition of a “good" cut must balance the size of the cut itself against
the difference in the sizes of the sets that the cut creates.
Suppose we partition the nodes of a graph into two disjoint sets S and T . Let Cut(S, T) be the
Hmbes of edges that connect a node in S to a node in T . Then the normalized cut value forSandT
is
Cut(S,T) , Cur(s, 1)
Vol (8) V(T)
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Data Saence and Ethlcal Issues

e g,
s it s stse g A Sttt e B B ety vt s

ST 1. w3 ey o P s st (MCQ)

B aifeu?
(c) W <hl (d) 37 g°ft =y
ST (d) T w5

el 2. ffoles & @ 9
(refer) @var 272
(a) Cyber law
(c) Cyber ethics
3T (c) Cyber ethics

U 3. = A 919- mmmﬁmﬁma@{zmﬁﬂmmé?

(a) Malware (b) Antivirus (c) Adware (d) 3™ A+ T
JTi< (b) Antivirus '

 U2e 4. fffRad A @ S g-wr Antivirus program g?
’ (a) Quick Heal (b) Mcafee (c) Norton C () gt
3WT (d) I |
' ueel 5. P A @3- ﬁaﬁmm@wmﬁsmmmmﬁmmmé?
(a) Data Analysis (b) Data Backup
(c) Data Mining (d) T | =5 &
Jd¥  (b) Data Ba-ckup |

W21 6. TTeT $l 7F WY T YT TIH T TIE0 5 23 Pr-f wfear 27
(a) Disposal of Data (b) Backup
(c) Data Archiving . (d) Archival storage
3TV (c) Data Archiving
Ul 7. Data Security &R1 fsfted g1t fora vsR sarn w1 gwar 22
: (a) TF&t *ft unauthorized access @
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