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Trntyoduction to Data Science

Definttion :

Dota Science 1s on intevdisciplinoy fHeld that uses
Scientiic methods, processes, algorithms and  systems
to extract Kknowledge oand.  insights from structuved and

unstructured data.
Pquose .

To omal,aze. dota. ond help in d.edsion-—ma.kina bfjf
disc,ove:ri,ng useful patterns, trends oand velationships.

Key Components :

@ Data Collecton @ Data Visualization

@ Data P'roc.e.ssing ® Moachine Le.a:mina

® Doata Analysis ® Communication of Results
Applic_a:lions :

Heolthcave , Finance, E-commevce, Social Media,

Maxketing , Education, Sports, ond. mony move .
TImportance :

Tn today's world , data Is e,veT&jwhe_Te_. Data Science

helps ovgonizations moKe bettexr dedisions, improve

efficiency and solve complex problems.




Definition and Importonce of Data Science

1. Definition of Data Science :

Dato. Science s an Lnte.vdisciPLina:rtj fleld that wuses

scientific methods, processes, algorithms, and  systems

to

extract knowl.e.dge ond. Lnsigh'ts fvom structured and

unstructured doata. It combines statistics, programming,

domain knowl.e,d.ge. ond data visualization to omalaze data
oand SLLPPOT't decision - making .

2. Importance of Data Science :

Q 00 ©® ©®0

Helps in making dota-driven decisions based on facts, not guesses.

Tdentifies hidden pattevns, trends and correlations in lavge
amounts of data.

Improves e:F-Fic.ienc_:j and veduces costs b:j optimiz,ina processes.
Enaobles oramimﬁons to understand customers better and
lmprove sevvices.

Supports innovation bU P*re_d.ic:l:ins future trends and outcomes.
Useful in many fields Llike healthcare, finance, marketing ,
education , e-commerce, sports ond wmove.

He.Lps N soLving c.ompl.ex p'robLe.ms ond.

memving overall
business pe:r-FOTma.nc.e. )



! Data. Science LL‘FQCHCLE,

The Data Science LLFe.cH cle is o series of itervative steps thot
helps in soLv'ma o problem using dota and cxe.a:ting value fom it.

6. Model Evaluation :
Evaluote the wmodel

Pe.f-Fo-rma.nc.e. u.s?.ng

1. Business Understanding :

Define the problem, undevstand
business objectives and i.d;e.nti:Fg
the kes questions to be

answered..

appmpricd:e. mebrics
ond. check if it

meets the business

Data

Scilence

obj ectives.

2. Data. Collection :
Gother velevant data from

various sources Tequirad to

L’vFec.che.

5. Model BuiLdinﬂt
APPLS suitable
machine Le.ownina
a.l.so*rf.ﬂims to build

the wmodel u,sing
pTe.Pa.Ted. dato..

solve the P-mbl.e.m.

4
Explovatery
Data
A‘nalﬂ sis
(EDA)

3. Data. Preparation :
Clean, transform and prepare
the data bﬂ handling missing
values, removing duplicates,

4, Explovatory Data Analysis (EDA) : and. 'FOTma-tting it for onalysis.

Explore and analyze the data to find patterns,
trends, velotionships and insights.




. Applications of Data Science

Dato. Science is used in many veal-world areas to solve problems,
improve decision making and create value.

(@D Healthcare : Used to predict disease, analyze medical images, personalize treatment,
and improve patient cave.
Example - Pred.icting heart disease, d:rus d.iscove:r:j .

@ Finance : Used for fraud detection, risk analysis, credit scoring, algorithmic trading,
ond customer segme.n.tcd:ion.
Example — Credit card fraud detection, stock market prediction.

® Marke:ting & Sales : Helps in understanding customer behavior, target marketing, recommendodion
systems, and sales forecasting.
Example — Product recommendation on e-commerce platforms.

(% E-commerce: Used for demand forecasting, dynamic pricing, customer segmentation,
oand inventery monagement.

Example — PTe.d.i.d:I.ng which products will be in hish demand..

(®) Education : Helps in student performance analysis, personalized learning,
and dropout prediction.
Example — TIdentifying weoak students and suggesting improvements.

(® Transportation : Used in voute optimization, tvaffic prediction, and autonemous vehicles.
Example — Google Maps traffic prediction, Uber ride mactching .

(D) Entertainment : Used in movie/series recommendations, content personalization,
and audience oanalysis.

Example — Netflix recommendation system, YouTube suggestions.

Agriculture : Helps in crop prediction, soil analysis, pest detection, and yield optimization.
Example — Predifying weather impact on crops, smoxt famhing.

Doto. Science is everywhere — from our daily lives to critical industries,
making processes smarter, faster and more efficient.



Tﬂpes of Data .

In Data Science, dato can be classified into different types

based on their nature, structure and source.

1. Based on Styucture

a) Structured Data : b) Unstructured Dota :
* Highly nrgcmize.d. and. follows . ¢ Does not follow any fixed. Errail
o. fixed format. {8 [[Nammel| g 0 structure . e
« Easy to store, seavch and 1 | Riga | 25 | Pune o Difficult to store and analyze 1D FE
analyze.. 2 | Aman| 30 |Mumbai using traditional methods. T
0
o Example - Data. in tables 3 | Neha | 28 | Delhi e Example — Text documents, o
(Rows and Columns) in SQL [ [ ... [ ... -.. emails, images, videos, social = ﬁ
medi ts, audio Ailes.
fobaiGees spreatanerts. TR ® Audio  Social Media
2. Based on Source
a) Internal Data : b) External Data. :
e Generoted within the organization. e Collected #from outside sources.
e Example — Sales rvecovds, customer e Example — Government data, market
details, employee data. reports, social medio, weather data.
3. Based on Nature
a) Quantitative Data (Numerical) : b) Qualitative Data. (Cateqgorical) :
L] RE.PT&SEW!:S numbers and can be mm&ufed.. L Re.p'resents c.a;l:e_sorie,s or labels.
o Used for statistical analysis. o Describes qualities / attributes. —
o Example — Age, salary, temperature, Akl L o Example — Gender, color, feedback, Green W
moarks, sales Ffigures. product type. 4

Tn shovt : Data can be Structured or Unstructured, Intermal or Extemnal,
Quantitative or Qualitative depending on its nature and source.

e




) Data Science Tools and Platforms 3

Data Science makes use of various tools and

pLa.t-FOrms that help in

collecting, processing, analyzing, visualizing and building machine Lea.rning

models

om data.

1. Popular Data Science Tools :

2. Data Science Platforms :

Tool Type Key Features / Uses @@ * Cloud. based. Jupyter Notebook.

e sfo.mmins e Most popular tool for Data Science. Google. Colab ¥ ;"e"" t: use “"'-*{“eipu/ TPU support.
.é Pﬂthon Language e Rich libraries (NumPy, Pandas, u 9 Setup requared. J
Mo'tPLOt!"‘b’ SchLt-Lea.m). (e kaggle ¢ Online platform for data science 2

. : i competitions.
(@ r Riciai /([ (P s Nl Kopgle | * Provides free datasets and notebooks.
i S b J ’ 39 ® Great for Lea.mi.n.g and. practice.

.. J
s~ Jupyter Development e Interactive coding platform. " aws o Cloud plabform fobuil R ol )

jupyter  Notebook Environment * Easy 'L'o' write a.r}d. share L deploying data science soE,Lttons.

* data. science pTOJeC.’tS 4 Amazar(\ A‘&e‘g)m e Services: So.ﬂe.l""la.ke‘r, Redshift etc.
Big Data. e Handles large scale data. % =

Spa;”(? APa'dw' Spo.rk Proc.e.ssing e Fast and powerful 'm—memorﬁ * Cloud platform by Microsoft.
data pmcessing ; ¢ Provides tools for machine le.a,minﬂ
. and big dato analytics.
_;E"j_'l:t_ Tobl Data o Creates interactive and & Pt g : g J
1 Vil R Ealieil (e e AT and dota science platform. |
. ; e Offers machine learning and
M; o o A ; o Useful for basic data cleaning, @ q

vt bed | Daf Aalifie e s el | 180 bt rakirol, laniyifie AR T

In short : Data Science tools and platforms provide the necessary environment to

work with data, build models and twrn data into useful insights.



Introduction to Big Data and Al
- @
Key_ Characteristics (5 Vs): Sources of Big Data

Big Data refers to extremely large and complex o Volume — Very large amount of data * Social media
dotasets thot troditional dota p‘roc.ess'ms @ Ve.l.oci.tﬂ - High speed. of data Se.ne.rn.‘l:lon e Sensors and Iol devices
applications are not able to handle E,‘F‘F.Lc.i-ﬁ-ﬂ‘tlﬁ : and. processing * Logs and clicks (web/ o.pp)
Tt involves the collection, storage, mcma.ﬂe.me.nt e Vo.-ri.e.tﬁ — Different tﬂpes and formats » Tronsoctionol: doto.
and analysis of mossive amounts of data to ok "dnto e Tmages, videos, audio, etc.
extract valuable 'msi.ﬂh'l:s. . Vero..ci.‘l:ﬂ — Data q‘ua.l.i.{:ﬁ oand -re.Li.abi.li.’c.H
¢ Value — Extracting meaningful insights ( 5 Vs of Big Dota )
Importance of Bi.a Data Loorn. date.
Volume = How much data

e Helps organizations make dota-driven decisions. 99a Velocity — How fast data. is generated
. Imp'rove,s customer expe.ri.e.nce. and services. 600 — @ @ II —_— @ Voriety = Different types of data
¢ Enobles prediction of future trends and paotterns. O¢0 Veracity — How accurote and reliable
* Supports innovation and. new business opportunities. Data Insights & the data is

(v Col.l.ed:u:m.. S'I:O'mﬂ Processmﬁ AﬂﬂlﬂSLS Decision \LV{-_‘J_M ~ How useful the dokta is )
Artificial In‘l:e.l.lise.nce. (AI) is the simulation of . Nﬂ-"‘tﬁw Al (Weak AI) - D?-S.LHMCL to Fe-‘"FD""'“- o o \irtual assistants (Si.ri. 5 Ale:m.)
human. Lnteul'.genc,e in  wmachines that are :Pif:; task (e.g., voice assistant, recommendation * Recommendation systems (Netflix, YouTube)
Prosrmme.d. to think, leam and act like humans. . G:im ml. AT (s AL) = Machies with “like ¢ Spam detection in email
Tt enables machines to PEX"FO‘N“. tasks such as LnteUiﬁence. thok ican P'E-F any tnkelleckual dnsk . SE-LF"CI-‘I’LVILYLS cars
learning, reasoning, problem solving, perception (Not yet achieved) o' Healtheare: (disense prediction;
ond decision mi—"'—ﬂ- ° Su.Fe.'r AL — AL thot is far smarter thon humans. medical i-"'"-“-ﬂi-""ﬂ) °—L| r? °
Importance. of AL (Hyg tical) * Chatbots and customer support

Key Technologies in AL * Froud detection in banking ‘;_J L‘\_, 3
¢ Automates repetitive and complex tasks. —3 = e o Robatice i fockuri
* Machine Leamning ¢ Computer Vision obotics in manufacturing

° Impmve.s accuracy and reduces humon error.
* Enhances productivity and e.-F-Fic.ie.nca.
e Enables i.n’ceLh’.ae.n’c decision m.a.k.LnSA

Big Data provides the raw wmaterial (data) and AI provides the intelligence to analyze that data
and convert it into wuseful I.nsishts and actions. Together, they power the modern digital world.

¢ Deep Learning s Robotics
* Notural Language Processing (NLP) o Expert Systems
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Data Collection and 'Pre.p'rocessi.ns g

Data Collection

Data collection is the process of ﬂa..‘l:he.ri.ns Tow

data from various sources relevant to the

p’r‘obl.e.m or research.
Sources of Data:
Databases (SQL, NOSQL)

1.

2. Data Preprocessing

Dota Prepmcessi.ns is the process of cLe.an'm.S and. 'l:ra.ns-Fo-rm'ms
raw dota into a suitable format Ffor analysis and mode.l.ma
Key Objectives:

. Improve. data Clu-ﬂ.littl

¢ Handle mi.ss-'.ns or inconsistent data

s Vb ‘eerani Databases Web ¢ Remove noise and. outliers
APT P"3 D * Transform data into a consistent format
. s t . : : :
AT W @ COLLZ-C_;_{,“ (f_\) Prepore data for machine Le.umns o.l.ao-r‘d:hms
. Y i c;;: S R Files APIs Common Preprocessing Tasks:
vic =
sxors 3 / '\ s Data Cleani ¢ Data Transformation
e Social media ™3 3
: 0q0 i . Ha.nd.l.i.ns Mi,ssi.ns Values e Feature Sca.Lmﬂ
¢ Files (CSV’ Excel, JSON, e.‘f:r..) :-‘ Ser:sors . Removi.nﬂ Dupli.c.o.i‘.e.s . Er\c.odins Co.‘l:esari.cal Data
PR o Outlier Detection and Removal s Data Integration
3. Steps in Data Preprocessing 4. Preprocessing Workflow
Ste,P Descnptl.on Exnmple. Before After e [
@ Dota Cl.ea.ninﬁ Hondle errors, missing values, | Fill missing age, If ﬁge i:;?;l Il) gge im r !
inconsistent data. remove duplicates. 2 = 60000 2 30 £0000 Dota Cleaning
3 30 e0000 2 30 e0000 (Remoue. errors, CI.LLPLI.CO:t&S)
e s Fill or impute missing dota | Fill missi e i
Hondling Mi mp "3 "3 29 Age: 25, —, 30, 27 Age: 25, 28, 30, 27 : =
@ Vi m:a ot using mean, median, mode, | with mean (28). 9* g H Missing Volues
n or constant values. (I“"P“trtb“) J
@ Oublier Detection Detect and remove or Remove. saln.rﬂ Sa.l.m-H: 45000, 50000, Sa.l.a.rg: 45000, 50000, Data Tarabrmation )
treat abnormal values. value 999999. 999999, 52000 52000 (Scaling, Normalization)
Daba: Transformokion Convert data into suitoble Normalize sulm'ﬂ So.Lo.rH: 45000, 50000, : v
® format or scale. using Min-Max scoling.| 52000 et Rt Vo [ Encoding Cotegorical Data
. . . 4
R hooding Bk .C‘Eﬁ cxteonianl. varhiol ge"(d:;) (T/ E}):)_’ Gender: M, F, M, F Cenigry 0,,4,10, 1 Processed. Dol
Categorical Dad into numeric format. ) (Ready for Analysis/Modeling)

Note :

Good ctuul.i.{‘:ﬁ data leads to accurate a.n.al}jsis and. better results.



Data collection methods are the 'te.c.hni.q_ues or appmache.s used. to Sa.the.r

Data Collection Methods

raw data from various sources for o.no.l.ﬂsis and decision ma.kins.

.-_*_ Common Data Collection Methods:

Method.

Desarip‘l: ton

EXG.T‘FLPLE-S / SOLLT‘CE,S

1. Surveas

Collect data bU askinﬂ a set of questions
to a group of people.

Con be conducted online, on paper,

or by phone.

Gocsle. Forms, Online Polls

Customer sotisfaction surveys

Opin.ion PaLl.s

2. Interviews Q

o ©

D
D

Collect data b.'d ‘L'o.l.ki.ns to individuals
and asking questions.
Con be structured, semi-structured

or unstructured.

Job interviews
Exper{'. interviews

User research interviews

3. Observations

Collect data b'd wuichi.na and. re.cnrd.i.ns
behoviour or events as fheﬁ ha.PPen.
Can be Pn.r{',ic.ipa.n‘t or mnwpn.r‘l:i.ci.Pu.nt.

Obse.wi.nﬂ customer behavior in a store

Traffic flow observation
Classroom observations

4. Expe.riments

Collect data b5 cnﬂ.cluctinﬂ controlled
experiments and measuring results .

Helps in Flndina cause - and.-effect relationships.

A/B testing
Product i:e.sﬁns

Scientific experiments

5. Documents
and Records

=|

Collect data from existing documents,
reports, datobases or records.
Cost-effective and saves time.

Sales repcf‘l:s, annual reports
Government data
Academic research papers

Collect data +From websites using
software tools or ser ipts.
Useful for La.rge scale deota.

Price comparison websites
News websites

Social media dota

7. Sensors and
Tol Devices

-
~
(=]

Collect real-time dota using sensors
and. ToT devices.
Useful for moni.‘l:ori.nﬂ and J::rackinﬂ.

Smartwatches, fitness bands
Weather stotions
Smort home devices

Keﬂ Points:

¢ Choose the method based
on the objective, data
type, time, cost and

accuracy req_ui.recl 3

e Good. dota collection

ensures reliable and

mmlns{:ui n.no.l.ﬁs is.

I S

Factors Affect i.nﬂ
Data. Collection:

« Objective of the study
* Type of data required
o Time and budget

* Availability of resources

. Ac.cu-mf.-d and. reLiabf:U



.F_S’c'rud:uve.d and Unstructured Data /

Data can be b'roc.d\g classified into two 'l:ape.s based -on

106 o*rsani'z.a"ci on __and  format.

1. Structured Data
Styuctured dota is uoe.\\—o-rao.nized,

Lovymotted and stoved in a p-rade#tne_d

manner , usmﬂ\d in yows oand columns.
g S easy to seaxch, aﬂa‘(az_e. and
process.

Characteristics:
. O-raan‘.z.e_d in tobles (yows & columns)
¢« Follows a fixed schema

« Easy %o store and vekrieve

e Suitable for quantitative analysis

e Examples:

e Customer details in o bank dotobase

« Sales vecords
e Student information (¥oll no., name,
marks)

Example (Toble):

ID Name Age Ci{-‘j Marks
101 Rahul 20 Pune 85
102 Aisha 21 Mumbai 90
103 Kaxan 19 Nashik +8

2. Unstructured Data
Unstyuctured data does not have a p‘rede.?ined

Loxmoat o o-raanizod:ion. Tt is more c.omp\ex
and difficult to storve, search ond analyze
usina traditional wmethods.

Choxcucteristics:

e No {ixed format or structure
e Does not follow a schema
e Difficult *to analyze
¢ Suitable for qualitative analysis
* Examples:
¢ Social media posts
. Imo.aes and videos

¢ Emails, text documents
e Audio *re,c.r.wdinas

¢« PDF files, presentations, etc.
Exomples (Unstyuctured Data):

D KX F

Social media Imo.ae.s Emails Text Videos /
posts documents Audio

In short: Structured daota is o'raanized and easy to hondle. | Unstructured data is not oracmiled and
requives advanced ftechniques to extrvoct useful information .




Data C\e.oming and Handling Missing Values

Doata c.\.eomina is the process of de:l:e,c.'l:ina ond corfec:tina errovs or

inconsistencies

in data to 1mPTove. its

¥e¢ "Dota C\eaninq

Tt invelves Ede.n‘\:.i-gﬁina ond -Fi.:-:.{nﬁ Problems

such as :

Mlssiha volues

D L.I.Plic.a.‘l‘.e, vecords

Thneconsistent data

Thnecorrect data t'(jPe's

Qutliexrs and noise

q’uo.li{‘.ﬁ ond
2 .

T&.'Llabl'li'l:gj ¢
Handlln_q Missing Values

@

M{ssinﬂ values
vecorded for
They can be handled in the following ways :
(D) Delete records :

occuy when no data s

o. voriable.

Remove vows that contain
missing values. (Use when wmissing doto is less)
Delete columns : Remove columns with too
many mlssins values.

Mean / Median imputation :

Releca missina

Example : ®
Consider the following dotaset. volues with the mean or medion of the column.
ID Name ~ Age City Salary @ Mode imputation : Replace with the most
1 Asha. 25 Pune 25000 frequent value (for c.o.'l:e_ao-ric,o_l dota).
2 Rohit e Mumba.i 30000 Forword #ill / Backward fill : Use the previous
3 Neha. 30 o 28000 P
a Vijay 0g Noshik ) or next valid volue to fill the missing data
5 B 27 Pund 26000 (useful in time series dota).
L lati $ i isst i
After Cle.cmina and Handling Missing Values : @ n'Ee.rPoo. paa Estuj'\o.‘te. mus?tna \..ro.lue,s l:xs;na
= = & = 0 other values (used in numericol /time series data).
ame ae- L H 0.0.'I'H iy
1 Asha. 25.0 Pune 25000 Key Points :
2 Rohit 27.5 Mumbai 30000 . A'lmcuds understand the noture of missiﬂa data..
3 Neha 30.0 Pune 28000 ¢ (Choose the aPPrcPriaie. methed based on the data
4 Vijoy 28.0 Nashik 28000 ond problem.
5 Unknown 27.0 Pune 26000 ® P-roPe-r ho..nd.lina [mProves dota c"uo.litﬁ and the
Pef-Fo'rma.nce of models.
In short: Data cleaning rvemoves ervors ond inconsistencies, and handling missing volues ensuves

COmP\

ete |

occurote and reliable data for analﬂsis.
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. Data Transformation and Normalization

Data transformation is the process of c.onve-rt[na dota from one form or scale to another

to make it suitable for analysis and modeling. Normalization is a type of transformation

thot scales numerical data to a standard range.

: 1. Data TranS'Forma.‘l:wn

Data transformation mc.lucle.s techniques that c.ho.nﬁe.

the structure, scale or distribution of data.

Common Transformation Te.c.lrmiq’ue.s :

. Ass're.ﬂo.{‘,ion : Summarizing data (e..ﬂ., daily = monthly sales)

Generalization : Re,plo.cing specific values with general

2 Normalization

Normo.lnz.a:l:non sc.a.les numerical dota to a standard range

so that all features contribute eqmllﬁ to the ana.l.ﬂsts

Common Normalization Techniques :
(a) Min-Max Normalization (Resco.l.{nﬂ)

x — min(x)

Scales data to range [o,1]

co.te,ﬂories (e,.ﬂ., age 25 — 20-30) = fox () == min(x)
° Enccdins 2 Convertins c.a.{:e.soric.a.k data to numerical
form (&.5., Male — 1, Female — 0) Example : ,
: . Original Data. (x) Caleulation Normalized Data (x')
o Los Transformation : Reduces skewness in data
' 10 | (10-10)/(50-10) = 0/40 0.00 “
(x' = l°3(x)) . 9P (20-10)/(50-10) = 10/40 0.25
o Feature Construction : C*r'eo.’cins new men.nins-Ful features 20 (30-10)/(50-10) =20/40 |  0.50 ( . |
from existing ones (e.ﬂ., BMT = Weight ) | 40 (40-10)/(50-10) = 30/40 0.75
height* 50 (50-10)/(50-10) = 40/40 1.00
Example — Transformatio Log Transformatio
P ol J = ios) (b) Z~Score Normalization (Standardization)
Original Data () Log Transformation x'= log,, (x)
10 —> 1.0000 S X = M Transforms dota to have mean =0
100 > 2.0000 o and standard deviation = 1
1000 a4 3.0000 Where, & = mean of dota
10000 = 4.0000 o = standord deviation
In short : Data transformation c.ho.hse.s the form or structure of data to make it wseful.

Normalization scales

numerical data te a standard range for fair comparison and better model pe:r-Forma.nc.e..




_Data Integration and Reduction

Dote. integration combines data from wmultiple sources into o consistent formot , while

doto reduction reduces the volume of data while Te‘l:cn.l'nins T.mpo-rto..n‘t information.

1. Dotoa Integration

Dota in'he.arn.ﬂon is the process of ccmblninﬂ

dato

From multiple sources the P-rov’.de. a unified view.

Why Dota Tntegration?
e Dato comes frem different sources and Fformats.

e TInteqration rermoves redundanc ond inconsistency.
3 J Jd

e Provides oaccurate and c‘.cmp-re.he.nslve. informoation

for a.na.lﬂsis and decision mo.k'xng !

Methods of Data TIntegration
1. Schema Iﬂ‘tegro:l:'ton:

Rasolvlns differences in

ond dota Fformats.

2 Eﬁt'.l.'tﬂ Tdentification: Iden‘ti":slnﬂ the same real-world
entity oacross different sources.

ho.mlha conventions

2. Data Reduction

Doto veduction reduces the size of dota while P-re-.sexvinﬂ

1mpmtc.n‘c infermeation.

W‘nﬂ Dota Reducktion?

¢ Reduces s’co*raae space ond c.ompu.’co:tlonal. cost.
e Tmproves e?-?ic.‘te.nc.ﬂ of dota processing.

e Helps in -?—oc.usinﬂ on relevant information.

Technlques of Dota Reduction
1. Dota Cube Asareso:tion:

values (e..s., sum ,

Summcw'izi-na dota btl' a.ss-resoﬂcina
oavg , count).

Reduction : Reducing number of attributes
(e..a., PCA — Principal Cemponent Ano.l.asi&).

3. Data Compressioﬂ:

2. D'l.me.hs'l.nﬂauts

E-nc.od.lns dotoa to reduce size without

B Redundcunc.ﬂ Detection : Elimlna’cinﬁ dup licate data. losin information.
4. Doto Value Conflict Reseoclution : Hand.'l.ina inconsistent 4. Discretization : C'O“Ve"'tiﬂﬁ continuous data into fewer
LR olues intervals or c.a:te.ao-rie.s ;
5. Sampling: Usin o. subset of data to represent the whole.
Exa:mELe : Consider two dota sources. REE3 d i
Source 1 (Sales_Online) Source 2 (Sales_Store) M :
ID | Name Product Arnount Cust _ID | Customer Ttem Amt O"'iﬂ-‘““l Sales Data
1 .:i i‘h:. rak:de 15000 ) 2 Rohit Laptop | 36000 Dote Product Region Sales Reduced Data ( Aggreg ated)
2 ohi aptop 35000 3 MNeha Tablet | 12000 04-05-24 Meabile Nerth 12000
3 | Neha Tablet 12000 4 Vijay Mobile | 18000 02-05-24 Mobile by 13000 Product Region | Total_Sales
Ir\"caﬂ'ra.'\:ad. Deata 03-05-24 Luptop South 35000 ) Mobile North 25000
Customer_1ID Customer_ Name Product Amount 04-05-24 Laptep Seouth 34000 LaPtDP South 69000
1 e Mobile 15000 S Lot e 05-05-24 Tablet East 141000 Taklek Eost 241000
E b
2 Reohit Laptop 35500%* Ralking (avevage (ob 06-05-24 Teblet East 10000
3 Neha Tablet 12000 35000 and. 36000.
e V-Ljﬂ.ﬂ Meokile 18000
In short:

Data Inte.arn:\:i.nn combines dota from mul'l:iple. sources into a consistent and unified formot.

Dota Reduction reduces the wvolume of data while ke.ep?.ns the most wuseful information.




Introduction to Ptd‘chor}_ for Data Science

Pst‘non is o his‘n-— level , interpreted, general-purpese programming language .

Tt is simple, readable and has a rich ecosystem of libraries thot

Feotures of Pg'l:'hon

moke it ideal for Doato Science.

1. W'ha Pﬂfhcn for Doata Science? 2.

. Eass to learn and use

° Lcwge collection of libraries

* Supports data analysis, visualization, .

machine le.o.-rn?.ns and wmore

° Ope.n source oand communifﬂ support °

e Works on mul‘\:iPle. P'I.od:":ovms

3. Basic SHn’{:a:c
TS AR Tu A= = i  List
| # 'P'rin'i:'tns ou{:Pu‘]: | . TLLP].e.
: print ("Hello, Dato Science!™) : * Dictionary :
l[ + Vo.;i;b'les E . se_h
% = -
! y = 3.5 { . S‘E'rms
| name = “Pﬂ'\:hon" t L
'"# Basic oFero.tlcms [ = U_Se'Fu
| sum = x + H | ° P'r\n'\:() -
|
i diff = x -y ] o type) -
: ZTod = x ; Y ] ° le.n()() -

w = x | e Toange -
e S R | 3

° Simple ond readable an']:nx

° In‘l:e.rpve.‘l:e.d lomsuaﬁe.

Dﬂnamicau'd i‘tjpe.cl

. Objec.’c-oﬁenfed Progfammins suppo'rt

Extensive standard Ui b'rcvrld

4. Dato Structures in Python

1.3 3; 4]
(142,88, 4)
{'no.me': .Alsha’, l‘»::.31’_': 21}
1149 3,i4%

"Data Science”

Built-in Functions

6. Popu'l.a:r Librories for Data Science

'Displa.s cu.fpu{‘.
Check data 'l‘.ape
Get  length /size

Generote sequence of numbers

e sum(), min(), max() —> Common oPera.'l:ians

7. Simple Exo.mp'l.e.

Library Purpose Example Use z N 4 4

impor anaas oas
Nu.mps Numerical c.ornPu.‘Hns A'rmas, motrices , mathematical functions P P P

data = {'Name': [‘A’', ‘B’ ‘¢'],
Pomd.as Doata maniPuln‘l‘.ion & nnalﬁsis Dal:o.F‘rams_f.,reodina CSV, data cie.cmira r [

Score': [85, 90, 78]

Ma.{:'?loilib Doto visualization Plots, charts, Smphs : s }

df = pd. DataFrame (dota)
Seaborn Statistical visualization Advanced visualizations ( .F)

rint (d

Scikit-learn | Machine \emrnina Model 'nu'l\cl'ms, {rn.'mins , evaluation F
In short: Pﬁ":\'\on onvides o Poue:r{—'ul and easy envivonment for data

analysis, visualization and building machine learning models.
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.Do.to. Visualization and Importance of Data Visualization

_i. Data Visualization

Daoto. Visualization is the 3raphico.h representation

of data and information using charts, graphs,
Ploi:s , maps ond dashboards. Tt helps to
communicate complex data in a visual format

thaot is easy to understand.

Common TSP&S of Dota Visualization

—

i Impor'l:cmc.e of Dota Visualization

2. Line Chart

60
40
20

0

1. Bar Chart 3. Pie Chort

" Jan Feb Mar Apr

5. Scotter Plot

Dota visuolization Plo.}js a crucial role in data

o.nalasis and decision mcxkins. Tt he'L-Ps to:

@ Simpli#iea Compiex Data : It converts l.m-se. and CcmP'Le.x

datasets into simple. visual formats that are easy to

understand. .

ImProves Unde.rs‘l::o.nd:.ns : Visuals 'help to qulcklﬁ groasp
Pa.‘l:te.rns , trends ond relationships in data that may be
difficult to notice in raw doata.

Enhances Communication : Charts and SraPhs communicate

insis"n'ts c.\.e.cwls and. e#ecfive\.a to different audiences.

Suppor‘l‘,s Better Decision Makina‘. It Provide.s clear and
actionable insiah‘l‘.s, ‘n.e.'LP'ina in mcn.k.'l.ns informed and

dota-driven decisions.

Y " .' Ldentifies Potterns and Trends: It helps in discovering
L *® hidden patterns, trends, outliers and correlations.
o : i Saves Time : Visuals allow us to analyze ond 'tn“t.e.rpre.t
S : > dotoa. faster than reading through tobles of numbers.
Dato. Volues X
Increases Impoact : Well-designed visualizations moke reports,
presentotions ond dashboards more engaging and impactful.
In short : Dotoa. visualization turns datoa into mearuina#ul pictures. It helps us understand the past,
monitor the present and plan for the future. —> Better Visuals, Better Insights, Better Decisions.




Charts and Grophs: Bar Chart, Pie Chart,

Histogram, Scatter Plot

[
Charts and

graphs are visual tools used to re,pre.sent dota

in a clear and

me.o.nina-’?ul. woy . Different types of charts help to understond dota from

different Pe.rspe.c:l:i.ve.s .

1. Bar Chart

Boar chart is used to compare data
across different r:.o.’ce.gorle.s.

Exo.mp'u.e.'. Number of students in

-

2. Pie Chart

Pie chart is used to show parts of a whole
in perce,n’t.cxse..

e = Example : Percentage of sales by product
different subjects ! Use j : e =
! 1| | |
;g ' i To compare JI Product A ( 40%'} ! Use i
| | titi I To show |
Noof 401 I 30 | de et Product B (25%) | i
] Z | amon | | how a whole |
Students 30 1 |77 - i J ; [ !
20 - / | different | Product C (20%) | is divided |
10 1 / 7 : categories. : Product D (45%) ! inta Po.rts. |
Moths Science Enﬁlish Computer V4ilr & 5 W = b e =
Subjects
3. Histogram 4, Scatter Plot
Histogrom is used to show the distribution of Scotter plot is used to show the relationship
continuous dota in intervals (bins). between two numericol wvoriables.

Example: Marks distribution of 100 students [ EJ _______ = Example: Study hours ve Marks Fm———————a- =
se I
Frequencsﬂ 30 i [ 100 4 ¢ ,' Use |
28 I T ehow The | ® | T find S |
30 _ 29 b el Morks 80 - ° | To ¥in e |
2% | 7 | distribution | 3 ® l loki hi |
18 | 15 : of doto in | (%) 60 1 ® | PR l
12 - 5 : -Freque,m:a i 40 1 ® { 2 coﬁe,la.’t.toni
| | | ® I between two |
6 |—'— | across I 20 ® I 1
o] : | ranges : 5 | variables. :
0-20 20-40 40-60 60-80 80-100 S A | 4 ; g "3 ‘;r 5 2 > Ll A -\ g

Marks (Intervals)

S‘hu.clB Hours

In short:

Bar chart compares cotegeries,

Pie chort shows ports of o whole,

Histogram shows distribution of continuous data, and Scatter plot shows

relationship between two variables.




ES{:o:Eis{:ics: Descriptive Statistics, Mean, Medion, Mode

Statistics i1s the branch of wmathematics thot deals

ln‘he.rpre.‘]:inﬁ ond. Pre.se.n‘l‘.lha dato..
1. Descriptive Stotistics

Descriptive statistics involves organizing, summarizing

and. Pfesenﬂﬂs doto. in a me,ani.ns-Fu‘u. woy . Tt
helFs to describe the wmain feotures of o dotaset.

It includes :

® Measures of centrol tendency (Mean , Medion, Mode)

¢ Measures of d.'l.spe.fsi.on (Ro.nﬂe., Varionce , Std. Deviation)
* Graphical representation (Choarts Graphs, Tables)

* Frequency distribution

- 2. Mean

(Avithmetic Meon)

Mean is the average of oll observotions.

with  collecting, organizing, oanalyzing,

Sum of all observations

Mean (%) =
Number of observations
Exo.mp‘.e: Find the mean of 5, 7, 9, 11,
Solution : Sum = 5+ 7+ 9+ 11 +13 = 45

Number of observations (n) = 5

Mean (%) = -155— =i 9

13,

3. Median
Medion is the wmiddle value of the dota when ik is

arranged in ascending or d.esaend.i.ns order.
Steps :
1. Arrange the dota in ascending order.
2. If n is odd = Medion is the middle volue.
3. If n is even = Medion is the average of
the two middle volues.
Exo.mp'te.: Find the median of 4, 1, 7, 3, 9.
Soluﬂon H
| Originol Data. | 4 | 1 |

Ascending Order | 4 [ 3 ]
Here, n = 5 (odd)
Medion = 4 (middle value)

4. Mode

Mode is the wvalue that appears most -?reciuentlﬂ

in the dota.
Exo.mple.: Find the mode of 2, 3, 3, 5, ¥, 3, 8, 5, 3.
Solution :
Volue 2 3 5 7 8
Fre.que.nca i 4 5. i
" i

The volue 3 occurs most frequently (4 times).

Mode. =

S l,..l..'l"!"l'I"'I"I.O.TgI

Mean gives the average value.
Medion gives the middle value.
Mode sive.s the most 'Freclue.n'l'. volue .

* ¥ ¥

[
|
|
|
* DescrlP”tive. stotistics 'ne.lps in .summo.ri.zins and descri.'b'ms data. :
|
|
I
I

3

Exomple (Al Tose.’c'ne.r)

i Dolla¥e? 2, 4, 4, 6, 8, 10
Mia = EF+446+8+10N 34
6 6
Medion = 4;6 = 5B
Mode = 4% (o.PPeocrs most -Freq’uentlﬁ)




Correlation and Resression Basics

1. Correlation

Correlation measures the strength ond direction of
o. linear velotionship between two numericol variables.
Key Points :

e Value ronges from -1 to +1.

e +1 — Perfect Posi’t.lve. correlation

e -1 — Perfect negotive correlation

e O — No linear correlotion

e Tt does NOT imp\.a cousokion.

Correlation Coefficient (r): _ 7, Cxg=%) (yi - '5)
JZ (xi-%)" 'JZ (yi - H)*

IHPe.s of Correlation (with e;xamP'u.es)

4. Strong 2. Weak 3. No 4. Weak 5. Strong
Positive. (r= +1) | Positive (v >0) | Correlation (r=0)| Negakive (r<0)| Negotive (rz-1)
Y, Y Y s
= L] - L] y - L]
> X : > X > X

Exu.mE'Le. :
S’Cuds hours ond exam marks — Positive correlotion
Price of a Froduc.’t and demond — Nesuﬂve. correlation

He.'l.s'n*: and we.lﬂ‘rﬂ:. — Usuallﬂ Posi‘l‘.i.ve. correlotion

—
o & Rearession

Re,are,ss'l.on is used to wmodel the relotionship between o
dependent voriable (Y) ond one or wore independent
variable(s) (X) and to P're.dld:. the volue of Y.

&3 Points :

e Finds the best fit line (line of re.are.sslon).

e Minimizes the difference between actual and Pre.d.'l.c,{:ed values.

s Used for Pre.dlc.ﬁon ond %recuilns.

Si.mP'ue. Linear Re.gfe.ssion

Relotionship between one independent varioble (X) and
one dependent vorioble CY)

Regression Equation (Line of Best Fit):

Where ,
Y = o+ bX Y = Predicted value of dependent varioble Best fit line
X = Ind.e.‘:end.en'c. varioble
oNE In']:e.rc.e.P’c (Y when X = 0)
L =

SloPe. (r.‘r\almse. in ¥ for one unit

c.'r\o.r\sq. n X) Y
How ore o ond b found?

2 (xi-%) (yi-39)
> (xi-%)*

b

Example :
Pre&lc’:.ihs so.‘-,o.'rﬂ (Y) from e.xpe.\-le.nce. (X}

The 're.ﬁressi.on line 'ne‘u.Ps estimate sola.rﬁ for o ai.ve.n e.xPe.'rie.nce.

Tn Short: @ Correlotion tells us how two voriobles are reloted

* Re.gre.ss'xon helps us find the equation of the line and P're,d.ic.‘\: Y fHrom X.
* High correlotion does not always mean good prediction (use regression for pre,d.ic.'\:lon).

(5{'.reﬂ3{:h & direction).

Remember :
Correlotion — Association

Re.srasslon — Prediction




Probo.bil.i’cg

Concepts in Data Science

Probau'oll.l{:j iz the bronch of mothematics thot deals with the likelihcod of an event
occ.m*ring. Tt forms the foundation for many data science "cechni.:lue.s such os

stotistics, machine learning and predictive modeling.

1. What is Probability ?

o Probn.bili.iﬂ measures how 'Li.ke.L5 an event is

to occcur.

¢ The value of Probabi.li.tﬂ lies between O ond 1.

e O > Impossible event

2. Basic Terminolosa

¢ Experiment
. So.mPLe. Spc.ce. (s) :

L Eve.n’f. ( E)
spoce.
¢ Qutcome

e.xperi.me.nt .

1 — Certain event

An action or process with
o set of possible outcomes.
The set of all

Posslbl.e outcomes.

A subset of the sa'mPl.e

A sT.nSle. result of an

3. Classical (Theoretical) Probability

4, Tﬂpes of Events

* Mutually Exclusive Events : Canmot occur at the
P(E) E Number of fovorable outcomes S (E, NE, = @)
Total number of outcomes e Exhoustive Events : At least one of them must occur.
Properties : * Independent Events : Occurrence of one does not
e« 0<sP(E)s1 offect the other. PCE:| Ey) = PLEL)
s P(S)=1 ® Depe.nclan‘l‘. Events : Occurrence of one offects
s P(@) =0 the other.
« If E,,E;,... are mutuo.ll.ﬁ exclusive , Example M R N Diqﬂr&m
POEpL EsUi.) = P(E,) + P(E.) + ... S {H,T} S5
A foir dice is volled. N 4
P(Es) = =+ E,) = =
Sample Space $ = {1,2,3,4,5,6} 7 LE¥) ==
P(mu.i.nﬂ o 3) = 5 E. ond E, are mutually exclusive B s
P(Tou‘mﬂ + A m.lrnher) 2 {2,4‘,6} = % = % ond  exhoustive . 1 2 =

5. Addition Rule

6. Condi'l;ional Proboubill‘lz}j

P(E, UE,) = P(E,) + P(E,) - P(ELnE;)

If E, and E, are mu{‘.ucuuld exclusive ,

O.L'l'é.Qd.t! occurred. .

P‘r‘obn.bi.l.i.”ca of event E, given that E; has

7. Ind.epe.nd.en‘t Events

If E, ond E, ore independent,

P{E,nE;) = P(E,) = P(Ez)

P(E,UE,) = P(E) + P(E,) P(E.| E,) = —P(E’E;;‘E“) . P(E)) >0 Eermplits T Uonaie
S if’ oc::t::i : ::;: ;lu;;::_z e E:(“:‘P‘;‘ Drisciing, cels fpsivoas dack Outcomes | HH | HT | TH | TT EE::;:O:': :‘}; _::1
= 2 ce) = = £
Fi{Rec) = :1% : Piﬁlu&) : g ; AR o After cl\‘a.w;.nzzon Ace, remaining cards = 51 PNbabiutﬂ % % % % P(H and T) = -:-_
P(Red or Blue) = — + = = - = 0.8 PCing | A drani) = = & x 5 (Independent)
8. Rondom Variables (BO-S'.'-CS-) * Discrele Rondom Vorioble @ Tokes countable volues Why Probability is Importont in Data Science 7 e A

A rondem wvarieble is o numerical value

nssisned to the outcomes of on exPe.rimt.nL

(e..a., number of heads in coin tosses)

* Continuous Random Variable : Takes any value in an
interval (e,s., 'r\t.is'nt, weight , fime)

* Helps in undf.rstnnd.ina uncertointy ond voriability in doeta.

+ Used in stokistical inference, hﬁpoﬁ'\esiﬁ tes‘l‘.in& and. model evoluakion.
* Forms the bosis for n.i«sm'i.ﬂ'\ms in machine 'Leam'ma and AL.

Probability helps us
chnE.i.FS uncertainty
and wmoke better

decisions from dota..
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nJc*roo[chcTon .Jco Machine }.earning

What is Machine Lem-ninﬂ? How does it work? NHH Machine Leo.'ml'nﬁ?

Machine Leo.fnins (ML) is a subset of @ Collect data s Handles large amounts of data
Avtificial In{ellisence (AL) that enables e Finds hidden Po.H:e:rns and fnsn'gh'?:s

Compu‘tETs to learn fyom data ond improve

@) Use algovithms to leayn patterns

B t dictions
@ Make Pr&didz?ons or decisions Blakes  acciats bl

their performance on a task without beinﬂ o Automates tasks and saves time

@ Imprnve au{oma{maﬂ‘mj with more data e s e o a.Ppliccd:fons

explici'l:ltj Froﬂra.mmed :

THEQS of Machine Lea:rn?na Common ML Workflow Real-World Applications

pu

Collect Data J E Email Spam Detection
h h 4 N ¢ .
ri_. Supervised Wi Unsupervised 3. Reinforcement P\'epro-:ess Dota ] [El Recommendation 53sl'ems (YouTube, Netflix)
Learni Learni Learnin, .
ng | arning ) maing | L ,@ Voice Assistants (Siﬁ_, Alexo.)

Learn from labeled | | Find patterns in | | Learn by intevacting | § T ain Mbdel

dato. | unlabeled data. | | with environment | T ]E Gle Self-Driving Cars

. . | £ s | and getting y

Xamgie . gRPIC ‘ o ery Evaluate. Model Tmprove I:[::I Medical Diaanosis

Email spam Customer c [ ' : Model

) xample:

detection segmentation = P et | l E-commerce (Product Suggesiion)

L J (IR X LR ) [ Make Predictions ];
s e o |k to walk J
Key Terms el Bl T e

* Data: Raw facts and figures collected from various sources. F.].;.!}, FS‘E,T_El—% Words

% Algorithm: Sfep—bgﬁ’cep procedure or formula to solve a problem. Matchine Leo:rnins is all about giving computers

% Model: A system that learns from data and makes predictions. the obility to learn from experience, Just like

* Training: The process of teaching the model using data. humans do, and make smart decisions. &

* Prediction: Output or vesult predicted by the trained model.



‘Machine Leayning Overview
How Does Machine Le:.-:nfnﬂ Work ?

What is Machine Lea-minﬂ?

Machine Lemn'mﬁ (ML) is o branch of

Artificial In'l;el.liﬂance. (AT) thoat enables
computers to learn from data and improve

Collect vaw

their P&rfwmance on a task without be.In‘rj

e.xpﬁd‘l:lld Pmsrammed :

Tﬁfes of Machine J_eo:r-ninﬂ

dﬂi‘.ﬂ. fmm
various
Sources.

v

v

L Y

[ Y =
1. Supervised W) ﬁ_ Unsupervised i 3. Rafnfnrce.mera
Learning Learning Learning

Learns from labeled Finds Pa.{'i:erns in Learns ba interad.ins
data.. unlabeled data. with an environment
Goal: Predict al.(tpul'. Goal: Discover and 53&1“13

for new data, hidden structure | rewards.

Example: or groups. Goal: Maximize

; cumulative reward.

Email spam detection, ExmnPEe_. -

House price prediction Customer segmentation, Exm“'?ei .

Morket bosket aralysis| [ G2 playing,

* % * % % % %

*

Se.l-F-&ﬁvina cars J

Data: Raw facts and figures collected from wvarious sources.

Feature: An individual measurable ProPer{:H or characteristic of data.

Model: A moathematical represt.n‘ta.ﬁonl learned from dato.,

Tﬂxini’ns: The process of te.nc.hinﬁ the wmodel us‘ms {ruiﬂins daota.

Validation :
Test Data:
Overfittin q:

When o model learns too much from trainin

Che(-kiﬂa model Pe.'rforma.nce. d.u.rins ’c.‘rn.inlnﬂ.
Unseen data used to evaluate final model performance.

dota,

including moise, and performs poorly on new. data.

Und.erfittinﬂ: When a model is too simple to capture the pattern

in data, resulting in poer performance.

Input Data

E=8

S C AN el N

I‘mprove
Model
Evaluate results
and ImFrwe
the model
with more

data.
N

Process Data Train Model Make
- Predictions
Clean, B Use nlao’rrthms Lo Model uses [ 3
RecpegEana S [ fa/een what it has
tronsform potterns from learned to
‘H\E data.. JCI'I-Q‘ dl&h moke ngdid;;m
or decisions.
< el

Common Machine; LEﬂ.Yﬂinﬂ WOTk'FlOW

® Q0 @ e ©

Problem Definition — Define the Pml:le.m and.
objecﬁw.s.

Doto. Collection — Gather relevont data.

Data P‘re])o.w.ﬂn — Clean and preprocess data.
Feature Enﬂinee.-rins — Select or create useful
features.

Model Tra.ininﬁ — Train the model u,sinﬂ
ﬂ.?PTOPTiO.‘te u.lﬂo'ri’chm.

Evaluation — Evaluate model performance.
Deploamen’t — Use the model in real-world
u.PPlico.’cions :

Mon'rl:o‘rihﬂ & Imp'ruve.me.nt — Monitor results and
updnctz the

model .

_:_l;:_\; Sfmfle. Words
Mo.chine Leo.minﬂ is all about sivins computers
the ubl'lit:, 4o learn -From d.al:a., ju.st like' humans

learn from experience, and make better

decisions without be'ma told every time. o

LIUJ

Whﬂ Machine Lea.rninﬂ?

* Handles large amounts of data

® Finds hidden patterns and. InsIgH:s
e Makes accurate Pred'tc.tions
o Automoates tasks and saves time

e Improves with experience

e Used in many real-world ap]:lim'l:inns

Examples of Real-World AEElfco.Hons

<
[>]

VEH B Prel)

=

all

Email Spam Detection
Recommendation Systems (YouTube, Netflix)
Fraud Detection in Banking

Voice Assistants (Siri, Alexa, Google Assistant)
Self-Driving Cars

Medical Diagnosis

E-commerce (Product Suggestions)

Stock Market Prediction

PoEular Machine Le.a.'rﬂInﬂ Alﬁovi‘thms

Alam’ ithm

Used For

Linear Re&ressi on

Prediction of continuous values

Lnsistic Reawzssicn

Classification (Yes/No, 0/1)

Decision Tree

C'lussifica."ﬁon and Reanssion

Random Forest

Tmproved accuracy for dussifica’dmjmsrmim

K-Means Clu.sbzfinﬂ

Clusl:.e.'rinﬂ f GmuPina data.

Suppu'r't Vector Machine (SVM)

Classification problems




e Uses labeled data.
® Goal is to predict the output.

° Hishef accuracy with more

® Works well for classification

.Supervised and Unsupervised Learning

Machine Lem'nins con be b'r‘oo.d.lg divided into two main "cﬂpes based on the kind of data

used for training.

1. SUPERVISED LEARNING

In Supe.w'tse.d. Lea.mins, the model is trained on labeled data.
Each 'l:ra.IninS example has an input and the correct output.

The model learns the maPPina ‘From i'l"LPU.‘l: to cu.JcPt.d'. ond.

mﬂ.kB.S PTBd-:CtiOnS on new, unseen dﬂ.‘tﬁ

How it Works?
I"_ B
Labeled Lea.m;.ns Learned Prediction on

Training Data Alﬁori’chm Meodel New Data
(Input + Output) | (Unknown)
eq., e E :
(Email, Spam)
{Ima.sa, Cat)

L J ExamEles

Charocteristics

q_uo.lita data.,

and regression problems.

=

Email spam detection (Spam / Not SPa.m;
House price prediction (Regression)
Disease prediction (Yes / No)
Sentiment analysis (Positive / Neﬂniive)

Sales Fﬂ:did‘.i on _J

Common Aiﬁorifhms

e Linear Res‘r@.ssion
. Lnsistic Res-ressim

o Decision Tree

o Random Forest
» Support Vector Machine (svM)
» K-Neavest Neighbors (kNN)

-'@: Supewised Lmlr'n[ns is like ‘Emhina o

!:2 SimELe. Words

child with answers. %

Unsupervised Learning is like giving o
child some data and askinﬁ him to
find patterns ba himself.

St

|
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|
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2. UNSUPERVISED LEARNING

In Unsupervised Lea.mins, the model is trained on unlabeled data.
The data has only inputs and no correct output.

The model finds hidden patterns, structure or relationships

in the dota on its own.
How it Works?
Unlabeled Lea.'rninﬁ
Data A lsarifhm
(Tnpok Only) —> —
. PO
Characteristics

® Uses unlabeled data.

® Goal is to discover patterns
or structure.

® No correct output is provided.

L USE—‘FLL[ -For nplwatofa dn."tn

ama.lﬂsis ;

Common Alaoritkms

Model Finds

Insiﬁhl:s /
Groups /

Patterns /

Structure Clusters

Customer segmentation
Market basket analysis
Imoge clustering

Anomaly [ outlier detection

Document c.lus’cerins

e K-Means Clustering
s Hievarchical CLusterina

= DBSCAN

+ Autoencoders

» Principal Component Analysis (PCA)
o Apriori Algerithm

ﬁﬂ Diffe'rence.

Re.me.mberi

Supevvised. Le.u.m?na tells the Gompu.fe.f

“what to do”

Uﬂsapervise.d Len.‘mina l'telps the c.mn])u&\r

“discover what's there” ‘i?

|' Aspect Supervised Le.m*n'ms Unsupervised Lenrninﬁ
Data Lobeled data (Input + Output) Unlabeled data (Tnput only)
Geal Predict output for new data Find hidden potterns / structure
Cutput Specific value / class Groups, clusters or associations
Examples Classification, R&sﬂes;on Clustering, Association, Dimensionality reduction
Evaluation Easy (Accuracy, Precision, etc.) Relatively difficult (Silhouette score, etc.)




Classification and Regression

Two important types of Supervised Learning used for prediction problems in Machine Learning. l

(1. Classification )

What is Classification ?

Classification is a Supervised Learning
technique used to predict a
discrete cateqory or class label for

o givan input !

How it kasz

Classification answers the question

“Which class does this data belong to ?"

In Simple Words

(2. Regression ) |

What is Regression ?

Regression is a Supewised Learning
technique used to predict a
continuous numerical value for a

In Simple Words

Rearession answers the que.sﬁon

“What will be the exact value ?”

ﬁiven 1nput :

How it Works?

|
|
|
|
|
|
|
|
|
1
!
A I
(1) Train the model using labeled data. A A i | (D) Train the wmodel using labeled data.
(@ Model learns the patterns of each class. A dbﬂ T I (@ Model learns the relationship between
@ -~
@ For new data, it predicts the most 5 2 o AT, O Class A || input features and the target value. &Hﬁ
probable class. é Oooo A Class B | (@ For new data, it predicts a numerical o3
Oo N oo I output. %é
> J 10 >
\ — Feature 1 J 500 1000 1500 2000 2500
= 5 5 - = i . . e i i .ft.
Real-World Applications Potllr Cifig: Wication /Alorithms | | Real-World Applications House Size (in sq.ft')
<] Email Spam Detection (Spam / Not Spam) * Logistic Regression i {a) House Price Prediction [ Popular Regression Algorithms
37 Disease Prediction (Positive / Negative) » Decision Tree II gl Stock Market Forecasting o Uirear Regretsion
@_ Loan Approval (Approve / Reject) * Random Forest | @ Weather Temperature Prediction * Ridge & Lasso Regression
* Support Vector Machine (SVM) | Deciclons T -
E Customer Churn (Will leave / Not leave) « K-Nearest Neighbors (KNN) 1 GTe Fuel Efficiency Prediction * Decision Tree Regression
At , * Random Forest R i
[AM] Image Recognition (Cat / Dog / Car) * Naive Bayes || @ Sales / Revenue Forecasting . So.n : Vw: Regress:on (SVR
= PR G P i ) uppo ector Regression )_J
Key . Differences
Aspect Classification Regression oA Conclusion
Output Type Discrete class label (Category) Continuous numerical value '@‘ Classification and Regression are the
Goal Predict which class / category Predict exact value two most common types of Supervised Learning.
Example Output Spam or Not Spam, Cot or Dog Price = 45.6, Temperature = 32.5°C Use Classification when you need to predict a
Evaluotion Metrics Accuracy, Precision, Recall, Fi-Score MAE, MSE, RMSE, R* Score Eoleqory, o:jdt REQTIBSS!.OT.'I e lneed.
Type of Problem Classification Problem Regression Problem predict a numerical value. O




'CLUSTERING BASICS

Cl.us’cering is an unsupervised learning technique that groups similar data points together

1. What is

———

Clustering ?

based on their Fa.’c.{:erns or characteristics.

2. How Clustering Works ?

Clustering aims to divide data into groups (clusters)

such that:
¢ Points in the same cluster are more similar

s Points in different clusters are less similar

( Reslilife Examples 3

¢ Customer szﬁmznin.ﬁon

° Grau?ina documents 53 topic
¢ Image segmentation

+ Social network analysis

. f-\nomnl& /' Qutlier detection J

i Poeula.r Cl.us{:erlns f‘_lsgrithms

In]:_uut Data
Unlabeled
data Points
in n-dimensional
SPﬂ.C-e

A 4

O. Example: K-Means Clustering (K =_3_)_

Cid

Clusteﬁnﬂ
Alam’ithm
Groups similar

Clusters

Dota is divided
into mninﬁfu.l

points based on
a sim'LLn.rih_.l
measure

SEDMPE

L ]
e ,2 o *
e o

L ]

S‘l:eP 1: Random Initializakion

Step 2: .ﬁ.ssign. Points

_._?J_:__ que.s ﬁ Clus’te.rlnq

1 ‘Pu.'rti.tionlng CLu.steri.ng
Example: K-Means

2. Hierarchical Clustering

. Divides data inte k portitions.

¢ Creates o hierarchy of clusters.

Exomple: Agglomerative, Divisive

3. Densi.{\_.j-ﬁo.sed C].us’ce.'r'ma :

dense reaions A

Exampie.: DBSCAN
4. Grid-Based Clustering

a grid. structure.

Example: ST-DBSCAN

Forms clusters based on

Divides the doto. space into

6. Similarity / Distance Measures

Y [ =
f - .
Algorithm Type Key Idea Best Used For i L . e Euclidean Distance dix,y) = g (% = y:)*
. ..
X x n
v Groups data into K clusters [ Spherical clusters, » 2 gu o 2 A » "Modhoitan Distance d(x,y) = >3 Ixi =il
K-Means 'Purhtmmns |15 minimizing within-cluster | medium to Ln.\'se . ., * 3o . o N X 5 ik
variance datasets L] . L] "o s Cosine Similm'i‘cﬂ sim (x, H) = -——xr:—H—
e — o4 ; > X L 1l [Tyl
Hierarchical Hierarchical | Builds a tree (dundrm]mm) Semall to medium
: . Step 4: C ed Cluste . :
Clustering by merging or splitting datasets, nested Y Step 3: Update Centroids P ORvErY) s l Evaluation O-F CLU.S‘EB!’I\'\E'
luste: Luste 6 1 =
| ey et .. > e B/ + Silhouette Score Measures how similar a point is to its
DBSCAN Densihj-Basai Forms clusters in dense Ar‘bitmrg shape L : % L I:f :J'(. r’:' .x -,/J;J-r—-— own cluster compored to other clusters.
regions and marks outliers | clusters, noise e ,te X , . I: Y '1"0 X . * Dovies-Bouldin Index : Lower value indicates better clustering,
v 4 \ @
.- = handliog ¢ - -l Yo e + Calinski-Harabasz Index : Higher value indicates better clustering,
K=Medoids Pnrtiﬁon'ma Similor to K-Means but Robust 4o outliers o Elbow Method (‘F""’ K) v Chesss K ok #he “elboi? paint
L uses medoids (actual ]’ﬂ;ﬂ*'—'i) ) X = Centroid ® Cluster 1 @ Cluster 2 e Cluster 3 L where improvement slows.
8. Advantages and Limitations
In Simple Words . =
=2 Ad.v:m‘]:gv;s Limitations Reme.mber |
C’.ustering is Like gfnn]:inﬂ your books bﬂ N i . i —_—
topics without being told the topics. : D:’ jpeas f:;:h‘“"'&j“t“ . g"“‘f“f‘& tt ‘"E!f"t “::‘:“" i““‘“’ (K) is hard Good clustering = High similarity within cluster
- I L] v
The a.kﬂar'tthm Findfl thnsicral o scovers n patterns ensitive noise outliers T 2
D it don. 4 . Useful for ¢x|>|.vrc&or3 data onn.lasis ¢ PResults may vary with d.iff!nmt a.lsnrithms Lo s'lrniLnritH. betueen cliasterss
= # Helps in decision making & segmentakion * Hard to evaluate without ground truth




_APPLICATIONS OF MACHINE LEARNING IN REAL LIFE

Machine Learning is used in many real-life applications around us. It helps machines learn from data

and make intellige,nt decisions without be'm3 explic.i{:LB Progro.mme.d..

1. Where is ML Used?

From the apps we use daily to the services we rely on,

Machine Le.m-nins is everﬂwherel.

1. Virtual Assistants W

+ Siri, Gwsi.r. Assistant |
Alexa use ML +to

-

(»)

2. Recommendation SHSJCEms W
*» YouTube, Netflix, Amazon

use ML to recommend

3, Email Spo.m I)etectlovt\]

+ ML models learn from
previous ewails and

4. Im age Reco ani‘t lon

* Used in Google Photos,
Facebook to tag friends

understand  your voice movies, shows and detect spam. automatically .
and respond. s Lik ;
produ b ke s + Keeps your inbox clean : - i
* Tasks: set reminders, e . SPAM £ .{P 53{.‘5 * Helps in medical imaging,
ploy music, answer e " j security, and object |
questions :t’cc L et S ?"E&-Nﬂu-s- detection. i
. ] 2 _ g WY, _,)  FEERE .S
5. Speech Rec.uﬂni{'ion W (_ 6. Fraud Detection \I r 7. Healthcare W ( 8. Seif—DrlvEna Cars
* Converts speech into text. * Banks and credit card * ML helps in disease -1":._"‘\ + ML enables cars to detect
o Used in dictotion tools, companies use ML to m prediction, drug discovery, objects, recognize lanes,
J)) voice typing, call detect unusual v and personalized LISl ond moke driving
transeription, etc. transarptions . treastment . W " decisions.
. Iumvgs mess‘lhilitu . He'.Ps Frevent fraud and * Analyzes medical reports, e Imme_s .smfat:! and.
D ryone . tect " scans, and ient dota . red idents .
9 for everyone IR protects users _J pati _) L . ighs Wglerts. |
(q ot . ) g < i . e
3. Online Shopping , 10. Social Media 11. Finance & Stock Market | 12. Entertoinment & Gammﬁ
» ML Pr:cl‘.d‘s what producks | « ML PowErs news feed. « ML ﬂﬂﬂlﬂms market trends, * ML creates realistic game
You may Like . rcmkins, fr'mnd. n\ﬁﬁesﬂms, /J P"‘J:ths stock P"“m and, environments and smart
* Helps in dynamic pricing, and content moderation. | .-Il manages. risk. NPCs.
/ search Suas!s':luns ornd o DEJCECE-S ‘FII-IW- Mcouni:s, e Used. in ulﬁnriﬂ'\m'lr. L] Usu‘. n smﬂe_ Plnsmﬂ
customer suPPort (dmtbats) hate sl)u.ch and spam. l;\-n.dmg and P‘”{f"l“’ [ ngr.nts and. Pafsonn.liud
| | mnnnszmznt_ } L gaming experience.

|
|
|
[
Sorlss 3uu. rrm.:j I
|
|
1
|
1

Exo.mpl,es Around You (T'nink about H:.!)

e e e e e e L e s e e e — s s _ .

Spoﬂfs suﬁses\‘.s Gooﬂlg, Maps
Predir.ts traffic
like. and best routes. in real-time.

| |
| i
| |
: ﬁ K GoosLe. Translate ;
: translates text :
I |
| ]
| |
| 1

|
|
[_' ._] Face Unlock in i
hones uses ML
-~ " R
L to recognize you. I fko
|
|
|
|

Yau t:ﬂb& "JCCJ\"
kr_:thnrd. corrects

e
and u.’:lvi'cﬁ.

e e e e i o e e e e e e o o e e ot e e e P o e, o e ot e e B o e

Fitness watches

|
|
i
i
I predick your health
|
|
i

2. Benefits of ML in Real Life

( Automates tasks and saves time W
Improves accuracy and efficiency

Handles large amounts of data

Learns and improves from experience

Helps in better decision ma.kins

N e S5 NS S

Solves c.omPLex Ffoblg'ms

3 ImFa.ﬁ.l'. on Our Da.il.3 Life

- 5

Makes technology smarter and more useful

Enhances user experience
HelPs businesses grow and reduce cests
Sup?orts safe.'tt’, health and convenience

* % % % ¥

Tmproves future innovations

4. In Siﬂple Words

»

i : < Machine Lea;mlna is behind many
@“ H’\inss we use every dﬂ.H,
It learns from data, finds patterns

and kelps machines moke smart

L

decisions like humans!

Remember I

ML is not Jusl'. obout robots or c.am‘Puters.
It is about mkina our lives easier,
smarter and better every r:l.o.H.




ETHICAL ISSUES IN DATA SCIENCE

Data  Science and. Al have the power to improve lives, but ,‘-"h"-"ﬂ also 'br'ins ethical cho.uense.s.

Us'ma data resPonsil:i.S and. -Fa.i.rl.uj is "]u.st as i.rnpor'to.nt as build?.ns accurate wmodels.

1. What is Ethics in Data Science?

to ?eo'FLﬂ. .

e

It refers to d.pina the r;.sl-\l'. ’f.hins while
co].lactina, u.m].ﬂzina and using data.

G_Qg!.: Make sure doto-driven decisions
are fair, safe, transparent and rgs?er.t'FuL

)

__2_. th Ethics Matters?

o

(-_. Protects Peo!:le’s riﬁ'n'l:s and privacy
¢ Builds trust in data-driven systems
* Prevents harm ond discrimination

* Ensures fairness and o.:mmtu.bili,tﬂ

» Follows laws and oaveids lesa.L issues

=

4, Moﬁlor Ethical Tssues

T

o Biased daota or medels
con lead o unfair

treatment.

I sastgm asq,i.nst certain
CE

\

. Cou.ec';;r\s too much
personal data.

+ Risk of data leaks

</>
« Complex models (Like
Black Box models)
are hard to explain.

s Jsers don't know how
decisions ore made.

and. misuse.

.

5. Real-world Example.s

. Usins data for
purpates FEO'PLf.
didn't agree te.

. ExnmPh: Seuiﬂﬁ
user data without

?ermlsslcm . F
L

@

e No cne takes
rcspnnsihilits when |
thinss go wrong.

e Hard to find who

ie accountable.
N - J

i y ‘] ( = ( g X s e
1. Blas and 2. Pri.vn.:u‘.j and 3. Lack of 4. Data Misuse 5. Lack of j 6. Over-relionce on
Discrimination Data Secuvltﬂ Transpu.renca Accountability Automation
o) @ 1

without human

OVE.I'S‘Lﬂht -

'rw;rm'FuL &.!.!‘.:5;.01'\.5 =

L

» Blindly trusting models

. CM CAUSE wﬂ)l‘la or

~

6. How to Address Ethical Issues?

Ke;q Ethicol Princip'les

Fairness
Treat everyone 'Foirl,a, avoid. bias,

=

Privacy

Protect Personal data ond respect privacy.
Imns]:_o.rencg

Be open about how data is used and

how decisions are made.

Accogn’tuhilit”

Toke msPons'b'o'Llll:*‘.j for decisions and their lm?cl-d-,

Beneficence

Use data to do 305-&. and benefit ?Eo'l:le

MNon-maleficence

DO no 'narm - mm'ui r.u.usins Mﬁﬂt{\m ;.mPﬂ.Ct

s

# Sociol Media: Personal dota used for targeted ods without clear consent.

* Facial Re.cnaniﬁon: Misidentification and privacy invasion.
% Loan Apprwo]. Sastams: Biased models may reject q;u:liﬁzd a.FpLimn{:s.
% Recommendation Sﬁsbr_m_s: Can create filter bubbles and mmiPuin{& wsers.

Protect dota with

Use diverse and representative data.
Check and reduce bias in data and medels.
Be transparent and explainable.

Get informed consent from users.

strunﬂ secur'ltwj 3

v Irwolve humans in the lau’:.

v Regularly audit medels and data.
\/ Fou.nw lm.-.ls m'ul P_ﬂn'l.m‘. 51.1‘1&2{‘&\&5.
v Promote o culture of ethics and

res-ansib'llitﬂ *

Re.member |

w

Ethics in Data Science is not just about 'Fnl.l.owi.na rules,
t's about cl.o'm& the riﬁht 'c.l"\'ma for o better and fairer world.

In Si.mELF. Words
Data. Science is Powe.r'FuL,

but with sre.o.t power comes

O

Use data 'Fa.irl.a, 'r'esPech. P’rlvac-j,

3reo.+. resPonslbi.Li.’cS .

be {ranspa.fe.n"c and uj.wu.ﬁs
think about PeoFLe Lirst,

p




