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About the Book

In the rapidly evolving landscape of the global digital economy, Artificial Intelligence (Al) stands a:
cornerstone of future innovation and growth. Recognizing this, nations worldwide are strategically positic
themselves to harness the transformative patial of Al. India, in particular, views Al not just as a technologi
advancement but as an opportunity to foster inclusive economic growth and social development.

At the forefront of this vision is the Central Board of Secondary Education (CBSE), which is on a mission 1
the next generation with the skills and mindset necessary to thrive in-ainividn world. As part of this initiative,
CBSE has collaboratedth Intel India since 2019, to curate a comprehensive Facilitator Handbook
accompanying Al training resources. The resources aim to empower educators and students alike, fost
deeper understanding of Al concepts and their practical applications.

CKAad SRAOGAZ2Y 2F GKS WIL CFEOAfTAGIG2NI I FYyRo2210Q
navigate the complexities of Al with confidence and creativity. Enriched with updated Al tech and
concepts, realife examples, and Al praje development guides using famde tools, this book is designed tc
inspire students to not only understand Al but also to leverage it to drive positive social change.

Key features include:

1 Enhanced Content: Concepts are presented with further elaboration and fresh examples to faci
deeper engagement and comprehension.

1 ReaiLife Examples: Additional reabrld scenarios are integrated to offer clearer explanations, maki
complex Al concepts accessible to students.

1 Al enabled social impact solutions: Students are encouraged to develop Al solutions for social imy
a straightforward manner, fostering understanding and empowerment.

1 Use Case Walkthroughs: Practical implementation of Al concepts is demonstrated across v
domains, enabling students to grasp their readrld applications.
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through
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A Orangedatamining
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5.1 Introduction to Computer Vision

CVopen-sourcetool
A Quickoverviewof computewision
ComputerVisionand Artificialintelligence
ComputerVisionv/s Image
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Unit 5: ComputeWision

5.2 Applicationsof CV

FacialRecognition
FaceFilters
GoogleSearchby Image
ComputerVisionin retail
SelfDrivingcars
MedicalImaging
GoogleTranslateApp

5.3 ComputerVisionTasks

Classification
Classification+ Localisation
ObjectDetection
ImageSegmentation
Basicof Imagesand Pixels
Resolution& PixelValue
Grayscal&& RGBmages

5.4 No-CodeAl tools

Introductionto Lobe
TeachableMachine
SmartSorterActivity
OrangeDataMining Tool
UseCaseWalkthrough
Stepsto projectdevelopment
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Examples
Conclusion

To 3o Bo | Do Do Do Do Do De| Do Do Do Do Do Do Do| o Do To o o o I

5.6 Convolution

Convolution
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5.7 ConvolutionNeuraNetwork

Introduction
ConvolutionLayer
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5.8 Pythonlibrariesin Computer
Vision

TensorFlow

Keras

OpenCV
Applicationsof OpenCV
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Unit-6 Natural
Languagérocessing

6.1 Introduction to NLP

Features of naturdanguage
Computer language
Importance ofNLP

6.2 Applicationsof NaturaLanguage
Processing

VoiceAssistants
Autogeneratedcaptions
Languagéranslation
Sentimentanalysis
Textclassification
Keywordextraction
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6.4 Chatbots
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Unit¢l: Revisiting Al Project Cycle& Ethical
Frameworks for Al

LessorTitle: EthicalFrameworkdor Al ‘ Approach:Sessior+ Activity

Summary:There is a recapitulation of the Al Project Cycle and various domains
Students will bentroduced to ethics in Al and they will explore ethical frameworks
Al.They understand the need for such frameworks and the various factors
contribute tocoming up with a framework of their own. They will also learn ab
different types ofethical frameworks and explore one of these frameworks in de
The module concludewith a case study on how to apply ethical frameworks to
solutions to avoid theiunintended consequences.

LearningObjectives:
Studentsare:

Briefedon the variousstagesof the Al ProjectCycle.
Briefedon the different domainsof Alandtheir applications.
Introducedto the ethicalframeworksfor Al.

Introducedto typesof ethicalframeworks.

Introducedto the principlesof bioethics.

a bk wnNPE

LearningOutcomes:
Studentswill be ableto:

Outlinethe sixstagesof the Al ProjectCycle.

Elucidatethe Aldomainsandtheir applications.

Describewvhat are frameworksandethicalframeworks.
Classifyethicalframeworksbasedon sectorsandvalueaddition.
Explorethe bioethicalframeworkandits principlesin detail.
Practicethe applicationof an ethicalframeworkfor Al.

ok wnNE

Prerequisites:
1. Basidknowledgeof Al.

2. Basiaunderstandingpf ethicsandethicsin Al.

Key-concepts:
1. Introductionto ethicalframeworksfor Al
2. Typesof ethicalframeworks
3. Applicationof ethicalframeworksfor Al
4. Principlesof bioethics




1.1: Al Project Cycle

[ S ledisitthe conceptof the AlProject Cycle.

Introduction

Let us assume that you hat@ make a greeting card for your mother as it is her birthday. You
are very excited about it and have thought of many ideas to execute the same. Let us look at
some ofthe stepswhichyou mighttaketo accomplistthis task:

1. Look for some cool greeting card ideas from different sources. You might go online and
checkout somevideosor you mayasksomeonewho knowsaboutit.

2. After finalisingthe design, you would make a list of things that are required to make this
card.

3. You will check if you have the material with you or not. If not, you could go and get all the
items requiredready foruse.

4. Onceyou haveeverythingwith you, youwill start makinghe card.

5. If you make a mistake in the card somewhere which cannot be rectified, you will discard it
and startremaking it.

6. Oncethe greetingcardis made,you will giftit to your mother.

These steps show how we plan to execute the tasksind us. Consciously or subconsciously

our mind makes up plans for every task which we have to accomplish which is why things
become clearer in our mind. Similarly, if we have to develop an Al project, the Al Project Cycle
provides us with an appropriate framework which can lead us towards the goal. The Al project
cycle is the cyclical process followed to complete an Al project. The Al Project Cycle mainly has
6 stages:

Problem Data
Scoping Exploration

BEIE] , Deployment
Acquisition Modelling




Starting with Problem Scoping, you gbe goal for your Al project by stating the problem
which you wish to solve with it. Under problem scoping, we look at various parameters which
affect theproblemwe wish tosolvesothat the picture becomesclearer.

Toproceed,

You need to acquirdata which will become the base of your project as it will help you
understandwhat the parametersthat arerelatedto problem scoping are.

You go for data acquisition by collecting data from various reliable and authentic sources.
Since the data you collect would be in large quantities, you can try to give it a visual image of
different types of representations like graphs, databases, flow charts, maps, etc. This makes it
easierfor youto interpret the patternswhichyour acquireddatafollows.

After exploring the patterns, you can decide upon the type of model you would build to
achieve the goal. For this, you can research online and select various models which give a
Suitable output.

Youcantest the selected modelandfigure out whichisthe mostefficientone.

The most efficient model is now the base of your Al project and you can develop your
algorithm aroundit.

Once the modelling is complete, you now need to test your model on some newly fetched
data. Theresultswill help you in evaluatingyour modelandimprovingit.

Finally, after evaluation, the deployment stage is crucial for ensuring the successful
integration and operation of Al solutions in reabrld environments, enabling them to deliver
value andmpactto users andstakeholders.

1.2: Introduction to AlDomains

Artificial Intelligence becomes intelligent according to the training it gets. For training, the

machine is fed with datasets. According to the applications for which the Al algorithm is being
developed, the data fed into it changes. With respect to the type of data fed in the Al model, Al
models carbe broadlycategorizednto three domains:

Statistical Data Computer Vision




Statistical Data

Statistical Data is a domain of Al relateddiita systems and processes, in which the system
collectsnumerousdata, maintainsdata setsandderivesmeaning/senseut of them.
Theinformation extractedthrough statisticaldatacanbe usedto makeadecisionaboutit.

Exampleof StatisticalData

PriceComparisonWebsites
These websites are being driven by lots and lots of data.
Comparison If you have ever used these websites, you would know,
Website the convenience of comparing the price of a product

from multiple vendors in one place. PriceGrabber,
PriceRunner, Junglee, Shopzilla, DealTime are some
examples of price comparison websites. Nowadpyise
comparison websites can be found in almost every
domain such as technology, hospitality, automobiles,
durables, apparektc.

ComputerVision

Computer Vision, abbreviated as CV, is a domain of Al that depicts the capability of a machine
to get and analyse visual information and afterwards predict some decisions about it. The

entire process involves image acquiring, screening, analysing, identifying and extracting
information. This extensive processing helps computers to understand any visual content and
act on it accordingly. In computer vision, Input to machines can be photographs, videos and

pictures fromthermal or infrared sensorsjndicatorsanddifferent sources.

Computer visiorrelated projects translate digital visual data into descriptions. This data is then
turned into computefreadable language to aid the decisioraking process. The maibjective
of thisdomainof Alisto teachmachinedo collect informationfrom pixels.

Examplesof ComputerVision

AgriculturalMonitoring

Computer vision is employed in agriculture for crop
monitoring, pest detection, and yield estimation. Drones
with cameras capture aerial imagesfafmland, which are
then analysed to assess crop health and optimize farming
practices.




SurveillanceSystems

Computer vision is used in surveillance systems to monito
public spaces, buildings, and borders. It can detect suspicio
activities, track individuals or vehicles, and provide teaé
alertsto securitypersonnel.

Natural Language Processing

Natural Language Processing, abbreviated as NLP, is a branch of artificial intelligence that deals
with the interaction between computers and humans using the natural language. Natural
language refers to language that is spoken and written by people, and natural language
processing (NLP) attempts to extract information from the spoken and written word using
algorithms.

The ultimate objective of NLP is to read, decipher, understand, and make sense of human
languagesn a valuablemanner.

Examples of Natural Language Processing

Emailfilters

Email filters are one of the most basic and
initial applications of NLP online. It started
with spam filters, uncovering certain words or
phraseghat signala spam message.

MachineTranslation

NLPisusedin machinetranslationsystemdike GoogleTranslate
and Microsoft Translator t@utomatically translate text from gaut
one language to another. These systems analyze the struc
andsemanticof sentencesn the sourcelanguageandgenerate {/

equivalenttranslationsin thetarget language.
Mevhaba W Inpaacrayice
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1.3: EthicalFrameworksfor Al

Frameworks

Frameworks are a set of steps that help us in solving problems. It provides-bysségp guide

for solving problems in an organized manner. Moreover, frameworks offer a structured
approach to problersolving, ensuring that all relevant factors and considerations are tiaken
account. Additionally, they serve as a common language for communicatioocdiaoration,
facilitating the sharing of best practices and promoting consistency in prebgatving
methodologies.

You may have used frameworks without knowing it! Can you think of one framework you have
come acrossluring yourAl journey?

Data

Exploration Evaluation

Data Deployment

Acquisition Modeliing

EthicalFrameworks

We know that ethics are a set of values or morals which help us
separate right from wrong. Frameworks are step-by-step
guidanceon solvingproblems.

Hence, Ethical frameworks are frameworks which help us ens
that the choicesve make danot causeunintendedharm.
Furthermore, ethical frameworks provide a systematic appro@
to navigating complex moralilemmas by considering various
ethical principles and perspectives. By utilizing ethical
frameworks, individuals and organizations can make well-
informed decisionsthat align with their values and promote
positiveoutcomesfor all stakeholdersnvolved.



Why do we needEthicalFrameworksfor Al?
Aswe haveseenhow biascouldresultin unwantedoutcomesin Al solutions.Thinkof thehiring
algorithm whichwasbiased againstvomenapplicants!

Al isessentially being used as a decisioaking/ influencing tool. As such we need to ensure
that Al makes morallgcceptable recommendations

Ethical frameworks ensure that Al makes morally acceptable choices. If we use ethical
frameworkswhile buildingour Al solutions,we canavoid unintendedoutcomes,evenbefore
they take place!

Sofar,we haveunderstoodwhyethicalframeworksareneeded] S G Q a

try to guesswhat such a framework woulde madeof!

Activity: 1 My Goodness

PurposeTounderstand how our decisions get influenced by our personal morals, value
andethics!

(&Y G/ I NBFdzZ & NBIFIR (KS NA LIGA2Y 2

decisionmakingr 6 A f A (i & ®¢

Visitthe website¢ https://www.my-goodness.net/

Takeaquicklookat the videoto learnmore aboutthe game!

Playeramust make10 decisionson how they would like to makea charitabledonation.In most

cases, players will receive details about the recipients. They will also be given information on
the intended use of the money they are donating. In a few instances, this may be hidden from
them, howeveithey canchooseto revealit.

Thisactivityaimsto understandani y R A @jdgrdehtiW@are lookingto discovermpotential
biases withirus!

Datais collectedanonymoushandwith your consent.

If youwishto delvedeeperandexploreyour own decisionmaking,clickona & S a ® ¢


https://www.my-goodness.net/

Would you like to help us better understand your judgement?

After clickingon & & Syéusvill betakento ashortsurvey.
After the surveyhasbeenfilled, youwill seeinterestinginsightsaboutyour decisions

Did you discover any internal biases in your

decisions? D you mobe infarmed @acislona?
Doyouagreewith the resultssharedby thegame? - s B
Fz.ictors which (.:o.uld”influence your decisions B 3 B
without yourealizing itinclude ==
1 Identity of the charityrecipient. = -
1 Locationof the recipient.
{ Biastowardsrelatives. 5& ,,,,, 03"}"
1 Uncoveringnformationavailable.

This is just amxercise to uncover our biases and thought processes behind making certain
decisionsThiswill helpusin producinga frameworkwhich canaid in makingdecisionswhich
are ethicallysoundet

[ S listasleast3 factorswhichknowinglyor unknowinglyinfluenceour decisionmaking.

Value of humans
Valueof non-humans

Is the decision | am
taking aligned with
myreligiousviews?

[ Does what | am
& thinking sound

Values correct?




Typesof EthicalFrameworks

Thevarioustypesof ethicalframeworksare classifiedasfollows:

l

Sector based
| |
; i l
Bioethics — for Rights — Human Utility — what Virtue — are my actions
applicationin life is valued over offers more good consistent with my
healthcare others than harm beliefs?

Let'sdelveinto the classification®f ethicalframeworks.

Ethicalframeworksfor Al can be categorizedinto two main types: sectorbasedand value
basedframeworks.

1. SectorbasedFrameworks:

These are frameworks tailored to specific sectorsirmtustries. In the context of Al, one
commonsectorbasedframeworkis Bioethicswhichfocuseson ethicalconsiderationsn
healthcare It addressesssuessuchaspatient privacy,datasecurity,andthe ethicaluseof Alin
medicaldecisionmaking. Sectebased ethical frameworks may also apply to domains such as
finance,education transportation,agriculture,governanceandlaw enforcement.

2. ValuebasedFrameworks:

Valuebasedframeworksfocuson fundamentalethical principlesand valuesguidingdecision
making.lt reflectsthe different moral philosophieghat inform ethicalreasoningValuebased
frameworksare concernedwith assessinghe moralworth of actionsandguidingethical
behaviour.Theycanbefurther classifiednto three categories:

i. Rightsbased:Prioritizes the protection of human rights and dignity, valuing human life over
other considerationslt emphasizeshe importanceof respectingndividualautonomy,dignity,

and freedoms. In theontext of Al, this could involve ensuring that Al systems do not violate
human rightsor discriminateagainstcertaingroups.

il. Utility -based:Evaluatesactionsbasedon the principleof maximizingutility or overallgood,
aimingto achieveoutcomesthat offer the greatestbenefitandminimizeharm. It seekso



maximize overall utility or benefit for the greatest number of people. In Al, this might involve
weighingthe potential benefitsof Alapplicationsagainstthe risksthey poseto society,suchas
job displacemenbr privacyconcerns.

iii. Virtue-based:This framework focuses on the character and intentions of the individuals
involvedin decisionmaking.lt askswhetherthe actionsof individualsor organizationslign

with virtuousprinciplessuchashonesty,compassionandintegrity. In the contextof Al,virtue

ethics could involve considering whether developers, users, and regulators uphold ethical
values throughouthe Al lifecycle.

These classifications provide a structured approach for addressing ethical concerns in Al
developmentand deployment,ensuringthat considerationselevantto specificsectorsand
fundamentalethicalvaluesare adequatelyaddressed.

[ S é@@lareapopularframeworkwhichisusedin the healthcareindustry.
Bioethics

Bioethics is an ethical framework used in healthcare and life sciences. It deals with ethical
issuegelatedto health,medicine andbiologicalsciencesensuringthat Alapplicationsn
healthcareadhereto ethicalstandardsand considerations.

Principlesof bioethics:
1 Respector Autonomy.

1 Donot harm. ) . Not only should

harm be avoided,

actions must

onsure manamum

1 Ensuremaximumbenefitfor all. Autonomy benaft for i

Known as
Benelicence”

1 Givejustice.

woNon-maleficencé NBFSNE (2 GKS SGKAOIFf LINAYOALX §
consequences. It emphasizes the obligation to minimize harm as much as possible and prio
actionsthat preventharm toindividuals,communities,or the environment.

woMaleficence refersto the conceptof intentionallycausincharmor wrongdoing.

wdBeneficencé refers to the ethical principle of promoting and maximizing the seeihg and
welfareof individualsand society.lt emphasizesakingactionsthat producepositiveoutcomes
and contribute to the overall good, ensuring that the greateshefit is achieved for all
stakeholdersnvolved.



[ S fo6kat a casestudyand seethe impactof the applicationof an Al ethicalframeworkon
the endoutcome.

CaseStudy

A company aimed to support hospitalsaptimizing patient care by
creatingan Al algorithmdesignedo identify individualsat highrisk. +
Theobjectivewasto providehealthcareproviderswith valuable

insights to allocate resources effectively and ensure those most in
needreceiveappropriateattention. However potential unintended —W-
consequencekeadto someproblemsin the model,suchasthe
algorithminadvertentlyexacerbatingexistingbiasesor inaccuraciesn

the data, potentiallyleadingto misclassificatiomf patientsor

overlooking critical cases. Addressing concerns about the algorith

accuracyandreliability becomegparamount,asanyflawsin its desigror
trainingdatacouldcompromisepatient careandoutcomes

Theproblemit caused:

Patientsfrom the Westernregionof aparticulararea,who were categorizedat the samerisk
level by the algorithm,generallyexhibitedmore severehealth conditionscomparedto patients
from otherregions.

Why the problem happened:

1 Thealgorithmutilizedwastrained on healthcareexpensedataasa measurefor health
metricsrather than actual physicallness.

1 Thisalgorithmwascreatedin the United Stateswherelessmoneyis spenton western
regionpatient healthcare than otheethnic patienthealthcare.

Thismeantthe algorithm
We canuseprinciplesof the Bioethicsframeworkto ensurean ethical Al solution.

Thefour principlesof bioethicscanbe usedto ensurean ethical Al solutionfor the healthcare
problem.

i. Respecfor autonomy: Enablingusersto be fully awareof decisionrmaking.E.g. usersof an
Alalgorithmshouldknow how it functions.

1 Thedatathat modelsweretrained on,andusedto make
decisions, should be reproducible and accessible to the
patients. +

1 Inthe eventof performanceconcernsmodelpredictionsand

datalabelsshouldbe released. i . ’ .

+




il. Donot harm: Harmto anyone(be it humanor nonchuman)mustbe avoidedat all costs.If
no choice isvailablepath of leastharmmustbe alwayschosen.

1 Promote welbeing, minimize harm, and ensure that
benefitsandharmsaredistributed amongstakeholders
in a justmanner.

1 TheAlalgorithmmustbetrained on datasetsthat
equitablyreduceharmfor all, not just harm for some
groups.

1 Inthisinstance patientsfrom other regionsexcluding
westernpart who were lessill would receivemore
intensivecarefrom doctorsthan patientswho
actuallyrequirehelp.

1 This algorithm, if implemented, would actively harm
patients belong to western region by inappropriately
recommendinghealthcareresourceallocation.

iii. Maximum benefit: Not only shouldwe avoidharm our actionsmustfocuson providingthe
maximum benefipossible.

1 Thesolutionshouldbe heldto clinicalpracticestandards,
not merelytechnologicakthicsstandards.

1 It shouldgobeyondnonmaleficenceandstrivefor
beneficence.

1 Considering thexamplewe discussed, the Al algorithm
shouldnot only avoidcausingharmto patientsfrom the
western region but also provide benefits to these
patients, as well as patients from other regions and of all
races.

1 Is there a better data set for training that reflects the
healthcareneedsand outcomesof patientsof allraces?

1 Thedatawe usefor trainingmustbe unbiased.



iv. Justice:All benefitsand burdensof a particularchoicemustbe distributedin a justified
manneracross people irrespectiva their background.

1 Solution development requires concerted anddepth
knowledgeof socialstructuresat playthat resultin issues
like racismand sexism(afew typesof societalbiases).

M Thesolutionneedsto be awareof socialdeterminantsof
healthcareandactivelywork againstthosestructures.

We sawthat abidingby bioethical principlescould have helped us to avoid the unintended
consequences dhe Al solution.

TestYourself:

1. What is the purpose of defining the problem statement during the Problem Scoping stage in
anAlprojectcycle?

A) Tocollectdata

B) Tounderstandthe aim and objectiveof the project

C)To trainthe model

D) Toprocesdata

2. Inwhat wayscanAl modelsbe categorizedbased orthe type of datafed into them?
A) Twodomains

B) Fourdomains

C)Threedomains

D) Fivedomains

3. In StatisticaData,what isthe primaryfunction of the systemin relationto data?
A) Generatindargedatasets

B)Analyzinglatato extractinsights

C)Convertingdatainto images

D) Distributingdataacrossetworks

4. Whatisthe maingoalof ComputerVisionprojects?

A) Translatingaudiodatainto visualdescriptions

B) Convertingdigitaldatainto analoguesignals
C)Teachingnachinedo understandtextualinformation

D) Convertingdigital visualdatainto computerreadablelanguage

5. Whatisthe primaryfocusof NLP?

A) Analyzingcomputerlanguages

B) Interactingbetweencomputersandhumansusingartificiallanguage

C)Dealingwith the interactionbetweencomputersand humansusingnaturallanguage
D) Enhancindiumanto-humancommunication



6. Whatdo frameworksprovidein the contextof problem-solving?
A) Randomsolutions

B) Stepby-stepguidance

C)Legaladvice

D) Ethicaljustifications

7. Howare EthicalFrameworkdor Al categorized?
A)Into legal andllegalframeworks

B) Into sectorbasedandvaluebasedframeworks
C)Into historicaland contemporaryframeworks
D) Into theoreticaland practicalframeworks

8. Whatisthe centralfocusof virtue-basedvalue-basedframeworks?
A) Maximizingutility

B) Protectinghumanrights

C)Aligningactionswith ethicalprinciplesandbeliefs

D) Ensuringcompliancewith legalregulations

9. Whichof the followingbestdescribegights-basedvaluebasedframeworks?

A) Prioritizinghumanrightsanddignity, valuinghumanlife overother considerations

B) Evaluatingactionsbasedon maximizingoverallgoodand minimizingharm

C)Centeringon the character of the decisiemaker and the alignment of actions with personal
or societal virtues

D) Focusingn achievingoutcomesthat offer the greatestbenefit

10. Whatisthe primarydomainof applicationfor Bioethics?
A)Agriculture

B)Healthcareandlife sciences

C)Informationtechnology

D) Environmentatonservation

11. Assertion:Ethicsprovideguidancen distinguishingight from wrong.

Reasoning Ethicsconsistof a set of valuesand morals thataid individualsin makingmoral
judgmentsanddecisions.

A) Both Assertionand Reasoningretrue, and Reasonings the correctexplanationof the
Assertion.

B)Assertionistrue, but Reasoningsfalse.

C)Both Assertionand Reasonin@retrue, but Reasonings not the correctexplanationof the
Assertion.

D) Assertionisfalse,but Reasoningstrue.

12. Assertion:Valuebasedframeworksin ethicsprovideguidanceby focusingon fundamental
ethicalprinciplesandvalues.



ReasoningThesdrameworksreflectdifferent moralphilosophieguidingethicalreasoningind
are concernedwith assessinghe moralworth of actions.

A) Both Assertionand Reasoningretrue, and Reasonings the correctexplanationof the
Assertion.

B)Assertionistrue, but Reasoningsfalse.

C)Both Assertionand Reasoningretrue, but Reasonings not the correctexplanationof the
Assertion.

D)Assertionisfalse,but Reasoningstrue.

ReflectionTime:

1. Outlinethe mainstepsin the Al ProjectCyclebriefly.

2. Whatrolesdoescomputervisionplayin agriculturalmonitoringsystems?

3. Mention the factorswhich knowinglyor unknowinglyinfluenceour decisiormaking.
4. Whatisthe necessityfor EthicalFrameworksn Aldevelopment?

5. Mentionthe keycharacteristic®f sectorbasedframeworks.

6. Whatdo youmeanby Bioethics?

7. WhatisNaturalLanguagé’rocessingExplainanytwo reaklife applicationsof NLP.

8. Howdo valuebasedframeworkscontribute to ethicaldecisionmakingby emphasizing
fundamentalprinciplesandvalues?

CaseBasedQuestions

1. CaseScenario:

In a corporate setting, a multinational company is facing scrutiny over its environmental
practices, particularly regarding the disposal of industrial waste. The compartyidtascally
prioritized profit maximization and costutting measures, leading to practices that result in
environmental harm and negative impacts on local communities. As public awareness and
concern about environmental sustainability grow, stakeholders, including investors, customers,
and advocacy groups, are calling for the company to adopt more responsible and sustainable
businesgractices.

Question:

Drawing from the case presented, analyze the ethical considerations surrounding the
company'snvironmentalpracticesthroughthe lensof valuebasedframewaorksin ethics.

2. CaseScenario:
In a rural farming community, a group of srsdhle farmers is faced with a dilemma regarding
the useof pesticideson their crops.Thefarmershavetraditionallyrelied on chemical



pesticides to control pests and maximize crop yields. However, concerns have been raised
about the potential environmental and health impacts of pesticide use, including soil
contamination, water pollution, and adverse effects on human health. Additionally,
neighboringcommunities and environmental advocacy groups have expressed opposition to
the widespreaduseof pesticidesgitingecological damagandrisksto biodiversity.

Question:

Using thecase provided, examine the ethical considerations surrounding pesticide use in the
agricultural sector, applying ethical frameworks to analyze the competing interests and values
at stake.



Unit-2: AdvancedConcepts ofModeling in Al

LessorTitle: Advancedconceptsof Modelingin Al Approach:Session+ Activity

Summary:There are two main categories of Al modefale based and Learning bas
Learning based models can be further classifie@Gapervised Learning, where machines
taught using labeled data; Unsupervised Learning, where machines independently u
patterns from unlabeled data; and Reinforcement Learning, enabling computers to op
decisions for rewards without direct programming. Neural networks, mimicking the b
neurons,automaticallyextract data featuresthrough interconnectednodes, makingthem
efficientfor processindargedatasetdike images.

LearningObjectives:

1. To familiarize students with supervised, unsupervised and reinforcement learning
basedapproach
2. TolIntroduce studentsto the neural network.

LearningOutcomes:

1. Understandsupervisedunsupervisedandreinforcementlearningbased
approach

2. Understand\euralNetworks.

Prerequisites: Essentialinderstandingf Artificial Intelligence

Key-concepts:

1. Supervisedynsupervisedndreinforcementlearningbasedapproach
2. NeuralNetworks

* Imagesshownherearethe property of individualorganisationsndare usedherefor referencepurposeonly.



2.1Revisiting AIML, DL

To buildan Al based project, we need to work around Artificidityelligent models or
algorithms.Thiscouldbe doneeither by designingszour own modelor byusingthe pre-existing

Al models. Before jumping into modelling let us clarify the definitions of Artificial Intelligence
(Al),Machine LearningML)andDeepLearningDL).

Differentiate between Al, ML,and DL

Purpose:Todifferentiate between Atrtificial IntelligencéAl),Machine LearningML)and
DeepLearningDL).

Say:6As we enter the world of modelling, it is a good time to clarify something many of you
having doubts about. You may have heard the terms AlaMLDL when research content online
duringthis courseTheyare of course relatedyut how?

Artificial Intelligence, or Al for short, refers to any technique that enables computers to
human intelligenceAn artificially intelligent machine works on algorithms and data fed to it and gives
desiredoutput.

Machine Learning, or ML for short, enables machines to improve at tasks with experience. The nese
learns from the new data fed to it while testing and uses it for the next iteration. It also takezcrdant
the timeswhenit went wrongandconsidershe exceptiongoo.

DeeplLearningor DLfor short,enables software to train itself tperform tasks with vast amounts afata.
Since the system has got huge sedaf, it is able to train itself with the help of multipteachine
learningalgorithmsworking altogetherto performaspecifitask.

ArtificialIntelligencasthe umbrellatermwhichholdsboth DeepLearningaswell asMachineLearning.
DeepLearning, on the other hand, is the very specific learning approach which is a su
MachineLearningasit compriseof multipleMachineLearningalgorithms

As you can see in the Venn Diagram given beldstificial Intelligence ighe umbrella
terminology which covers machine and deep learning under it and Deep Learning comes
underMachineLearninglt isafunneltype approachwherethere arealot of applicationsof

Alout of whichfew arethosewhichcomeunderML out of whichveryfew go into DL.

* Imagesshownherearethe property of individualorganisationsndare usedherefor referencepurposeonly.



The abllity of a machine to imitate
human intelligence

Artificial Intelligence | ——

ML Is a subset of Al.

Algorithms that enables machines to
learn from data and make decisions

NG )

DL is a subset of ML

2 - Algorithms inspired by the structure of a
Deep Learning human brain (based on artificial neural
networks)

MachineLearning(ML)

Machine Learning or ML, enables machines to improve at taskish experience. The
machinelearnsfrom its mistakesandtakestheminto considerationn the nextexecution.lt
improvisedtself usingits own experiences.

-[5-=

ML Model

BlockRepresentationg MachineLearning(ML)
This is just a broad representation of how a machine learning model works. Input (past or

historicaldata)is givento the MLmodelandthe modelgeneratesoutput by learningfrom the
input data.
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Here is an example which shows labelled images (every image is tagged either as apple or
strawberry) are given as input to the ML model. ML model learns from the input data to
classifybetween applesand strawberries angredictsthe correctoutput asshown.

Apple Apple
’
Apple Strawberry

oV

Strawberry Strawberry

¥ V- —x

Input

m—)  APPe

Output
Prediction

Examples of Machine Learning (ML)

ObjectClassification
Identifiesand labelsobjectspresentwithinan
image or data point. It determines the
categoryan objectbelongs to.

AnomalyDetection
Anomaly detection helps us find the
unexpected things hiding in our dat&or p—
example trackingyour heartrate, andfinding esecae
a suddenspikecould be an anomaly flagging po— “—,
apotentialissue.
nrm:r__,.i;; —

T

T B Vooe
weaneTn

o oerIm

DeepLearning(DL)

DeepLearning or DL, enables software to train itself to perform tasks with vast amounts of
data. In deep learning, the machine is trained with huge amounts of data which helps it into
trainingitselfaroundthe data. Suchmachinesareintelligentenoughto developalgorithmsfor
themselves. Deep Learning is the most advanced form of Artificial Intelligence out of these
three. Following ighe blockdiagramof deeplearning:
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Output

Artificial Neural Network(ANN)

BlockRepresentation DeepLearning(DL)

Input isgiven to an ANN, and after processing, the output is generated by the DL block. Here
isanexamplewhichshowspixelsof abird imagegivenasinput to the DLModelandthe model
isableto analyzeandcorrectlypredictthat it isabird usingadeeplearningalgorithm @ANN).

Input

Artificial Neural Network(ANN)

Examples of Deepearning DL)

Objectldentification

Object classification in deep learning
tackles the task of identifying and labeling

"uuu:‘] )

objectswithin animage.It essentiallyjuses o N T
powerful algorithms to figure ouwhat's ) B
ina picture and categorizethosethings. D06 r &
Digit Recognition 0A0LABCELBO0L0OD
.. L. . . fFr1y ks 2020000020
Digit recognition in deep learning tackles B e
the challengeof training computersto bt b L ILELEAL S L4
identify handwritten digits (0-9) within e
images. P 1a4497438498¢19
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Commonterminologiesusedwith data

What is Data? Eruit Color Price
Dataisinformationin anyform Apple Red 41.8
For e.g. A table with information about Orange Orange $2
fruits isdata Banana Yellow %1
Eachrow will contain information about Grape Purple $3
different fruits
Eachfruit isdescribedby certainfeatures
Features

What do you meanby Features?
Columnf the tablesare calledfeatures

. Fruit Color Price
In the fruit datasetexample featuresmay be

. Apple Rz $1.8
name,color, sizegtc. Orange Orange 2
Some features are special, they are called Coe s Yellow $1
labels Grape Purple %3
What are Labels?
. . . Label Feature
Data Labeling is the process of attaching \
meaningto data
It dependsonthe contextof the problemwe are Fruit Color Price
tryingto solve Apple Red $18
For e.g. if we are trying to predict what fruit it is|  Orange Orange $2
based on the color of the fruit, then color is the| Banana Yellow $1
feature,andfruit nameisthe label. Grape Purple $3
Data can be of two types ¢ Labeled and
Unlabeled
Labeled data Labeled data Unlabeled data

LabeledData ‘ |

Datato which someag/label isattached. é w é w/ }é w
For e.g.Name,type, number getc. = = |

UnlabeledData

Theraw form of data
Datato whichnotagisattached % ga % g') % g')
Cat Cat 12is 8ios :

What do youmean byatraining data set?

Thetraining data setis a collectionof examplesgivento the modelto analyzeand
learn.

Justlike how ateacherteachesatopic to the classthroughalot of examples
andillustrations.

Similarly a setof labeleddatais usedto train the Al model
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What do youmean byatesting data set?

A Thetestingdatasetis usedto test the accuracyof the model

A Just like how a teacher takes a classtest related to a topic to evaluate the
understandindevelof students

A Testis performedwithout labeleddataandthen verify resultswith labels

2.2Modelling

Purpose:Classificatiomf Modelsinto RulebasedapproachandLearningapproach.

Say:din general, there are two approaches taken by researchers when building Al models. They
take a rulebased approach or learning approachRAlebased approach is generally based ondia¢a

and rules fed to the machine, where the machine reacts accordingly to deliver the aegned
Under learning approach, the machine is fed with data and the desired output to whichaittene
designs its own algorithm (or set of rules) to match the data to the desired output fed inv6 khéd K A |

Al Modellingrefersto developingalgorithms,alsocalledmodelswhich canbe trained to get
intelligent outputs.Thatis, writing codesto make amachine artificiallyntelligent.

Typesof Al Models

GenerallyAlmodelscanbe classifiedasfollows:

MachineLearninc
LearningBasec
: RuleBasec
DeepLearninc

RuleBasedApproach

Rule Basedpproachrefers tothe Almodellingwherethe relationshipor patternsin dataare

Rules

Rule Based Approach mm) Answers
Data
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defined by the developer. The machif@lows the rules or instructions mentioned by the
developer,andperforms itstaskaccordingly.

RulebasedChabots are commonly used on websites to answer frequently asked questions

(FAQspr providebasiccustomersupport.Here'san example:

ScenarioA clothingwebsitehasa Chabotto answerquestionsaboutorder tracking.
1. Data: The Chabot doesn't require a massivedataset for training. It relies on a
predefinedsetof questions and corresponding answers.
2. Rules: The Chabot uses a decisiontree approach with clearly defined rules to
understanduserqueriesandprovide responsedidere'sa simplified example:
o Rule 1:If the user's message contains keywords like "track order," "shipment
status,"or "delivery,"proceedto order trackingoptions.
o Rule2:Underordertrackingoptions:
A If the user askgor their order number,promptthemto enter t.
A If the user enters a valid order number, retrieve the tracking
informationfrom the databaseanddisplayit.
A If the user enters amnvalid order number, provide an error message
and askhemto re-enter it.
o Rule3: If the user'smessagaloesn'tmatchanydefinedrules,offer amessage
like "Sorry, | can't help you with that. Perhaps you can try searahingrAQs
or contactcustomersupport.”
3. Interaction: When a user chats with the bot, their message is analyzed based on the
defined rules. Th€habotresponds with a pravritten answer or prompts the usdor
additional information depending otle scenario.

Adrawback/feature for this approach is that the learning is static. The machine once trained,
does not take into consideration any changes made in the original training dataset. That is, if
you try testing the machine on a dataset which is different from the rules and data you fed it
at the training stage, the machine will fail and will not learn from its mistake. Once trained,
the model cannot improvise itself on the basis of feedbacks. Thus, machine learning gets
introduced as an extension to this as iratltase, the machine adapts to change in data and
rules and follows the updated path only, while a rblgsed model does what it has been
taughtonce.
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LearningBasedApproach

A learningbased approach is a method where a computer learns how to do somethimgpking at
examples or getting feedback, similar to how we learn from experience. Instedeio§ explicitly
programmed for a task, the computer learns to perform it by analyzing aladdinding patternsor rules
on itsown.

Data ==

Machine Learning Approach [0S
Answers )

For example, suppose you have a dataset of || &
1000 imagesof random stray dogs of your
area.Now you do not have any clue as to what |[*¥
trend is being followed in this dataset as you |je 5
R2y Qi 1y2¢ 0(§KSANI oNB |
feature. Thus, you would put this into a
learning approacipased Al machine and the
machinewould comeup with variouspatterns

it has observed in the features of these 1000
imageslt mightclusterthe dataonthe basisof
colour,size fur style,etc. It mightalsocomeup
with some very unusual clustering algorithm
which youmight not haveeventhought of!

R (K

Learsiang Aopecach A Modal

oursuT

Urdabeled Dataset

Ohstering cutpet Sased on patterns cbiorved by the machine
{Left) Based om sipe: (Righ) Based on colowr

LearningBasedAl Model

We can say that it refers to the Al modelling where the machine learns by itself. Under the
Learning Based approach, the Al model gets trained on the data fed to it and then is able to
design a model which is adaptive to the change in data. That is, if the model is trained with X
type of data and the machine designs the algorithm around it, the model would modify itself
accordingto the changesvhichoccurin the datasothat allthe exceptionsare handledin this

case.

For example, A learnidgased spam email filter is a computer program that automatically
identifies whether an incoming email is spam or not. Instead of bexmdjcitly programmed

with rules for identifying spam, the filter learns from examples of labeled emails during a
trainingphase.

During training, the filter is provided with a large dataset of emails, each labeled as either
spam or legitimate (nospam). The filter analyzes the content and characteristics of these
emails,suchaswordsused,senderinformation,andpresenceof attachments.Usingmachine
learning algorithms, the filter learns to recognize patterns that distinguish spam from
legitimate emails.
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Once trained, the filter can classify new incoming emails as spam or not spam based on the
patternsit learned.It continuouslyadaptsandimprovesits accuracyvertime asit encounters

new examples. This learniiased approach allows the filter to effectively identify and filter

out spamemails,helpingusersmanagetheir email inboxmore efficiently.

Categoriesof Machinelearningbasedmodels

Learningbased approachesare indeed a broad category that encompassboth machine
learninganddeep learningMachine learninganfurther be dividedinto three parts:

Supervised
Learning

. Supervised -~
Unsupervised Learning &E '

Learning

Reinforcement Unsupervised

Learning

LearningBasedApproact
(MachineLearning)
||

Learning

acton

Reinforcement
Learning

Supervised_earning

In a supervised learning model, the dataset which is fed to the machine is labelled. In other
words, we can say that the dataset is known to the person who is training the machine only
then he/she is able to label the data.l@bel is some information which can be used as a tag
for data. For example, students get grades according to the marks they secure in
examinationsThesegradesarelabelswhichcategorizehe studentsaccordingo their marks.

A SupervisedLearning indicates having a supervisor as a
teacher

A For e.g. A math teacher teaches the class by making t
students learn using a lot of solved examples(training) a
then test the knowledgegainedby givingthe classproblems
to solveon their own.
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A Similarly,Supervised_earningis when you make the machinelearn by teachingor

trainingthe machineusing labeledlata.

Supervised_earningg Example

A [ S GofRsiderthe exampleof currencycoins

ProblemStatement:Builda modelto predictthe coinbasedon its weight

1 Euroweighs5 grams

1 Dirhamweighs7grams

1 Dollarweighs3grams

1 Rupeeweighs4 gramsand soon

Featurec Weights

> > > > > > >

Labelg Currency

Assumehat we havedifferent currencycoins(dataset)havingdifferent weights

-

Sq if amodelistrainedin taggingthe featuresi.e.,the weightsof the coinwith the targets
i.e., currency, the trained model can be further be used to identify a coin based on its

weight Gince ithasalready learnt).

A In the example shown in the
image, the model has learned
from labeled input data and
produces output to classify them
asdogs anccats.

A Therefore, you can see that the
model learns from the training
data and then applies the same
knowledgeto testdata.

Labeled Dala
- -

SUPERVISED MACKINE LEARNING

nrel

€9

7
a

8 &« &

PREDICTION
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Unsupervised_earning

An unsupervised learning model works anlabelled
dataset. This means that the data which is fed to the
machine is random and there is a possibility that the ., o
person who is training the model does not have any, ;. Ay
information regarding it. The unsupervised learning *
modelsare usedto identify relationships,patternsand
trends out of the data which is fed into it. It helps trser
inunderstandingvhat the dataisaboutandwhatare the
major featuresidentified by the machinein it.

For example, you have a random data of 1000 dog images and you wish to undemtaad
pattern out of it, you would feed this data into the unsupervised learning maddlwould
train the machine on it. After training, the machine would come up \p#kternswhichit
wasableto identify out of it. TheMachinemight comeup with patternswhich are already
knownto the userlike colouror it might evencomeup with somethingeryunusuallike the
sizeof the dogs.

A Unsupervised.earnings a type of learningwithout anyguidance

A For e.gA child learning to swim on his own without any supervision. Here, the ishild
the model trying to discover ways and technigues to swim and the swimmingigpool
similarto the unknowndatafed tothe model.

A Here, the machine is responsible to discover patterns, similarities, and differences on
its own basedon the unlabeleddataset.
Unsupervised_earning- Example
[ S GoRsiderthe exampleof asupermarket

Assumedhat we havea customerdatabasewith recordsof their
productsboughtovera period.

Now you being the marketing managerdecidesto send a :
grocery offer message to those customers who buys grocer
regularly.

A Note that there was no customer labeled as groceryshoppersand non-grocery
shopper.

A Model could discover patterns on its own and could come up with these two
clusters/groups.

Grocery
CustomerlD  Tollnumber  Totalnumber ‘.\shopper
of grocery of non-grocery @
iterns bought items bought .

Scores

- - Non-

.. ® ) grocery
[ ] shopper

* Imagesshownherearethe property of individualorganisationsndare usedherefor referencepurposeonly.



A In the example shown in the image, the model
hasto procesanformationwithout anylabels.

SRSEPERVISED MACHINE LEARNING

RRNDON BATS e PRIDIETION

A It hasto analyzeandprocesshe datato identify — &
hidden patterns and attributes and then uses | ¥ * | & o
that to classify the animals into two categories ., ~ | ¥

basedon similarities

Asyou observein the image input is not labeledbut
the model can come up with two clusters by identifying simplatterns and attributes and
have grouped thentogether-

A AllCatshavebeengroupedinto clusterl

A AllDogshavebeengroupedinto cluster2

TestYourself:
Identify the model: Supervisedr Unsupervised?

Case 1: Social Media platforms identify yofriend in a picture from an album of tagged
photographs

It is supervised learning. Here social media platform is using tagged photos to recognize the
person. Therefore, the tagged photos become the labels of the pictures and we know that
whenthe machineislearningfrom labeleddata, it is supervisedearning.

Case: OTTplatform Recommendationdasedona 2 Y S 2 washhitory

Not Sure What to Watch?

It isunsupervisedearning.Thisiswhat OT Tplatformslike Netflix, Pandoraand Spotifydo all
the time;they collect the songs/movies that you like already, evaluate the features based on
your likes/dislikesandthen recommendnew movies/songdasedon similarfeatures.
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Case8: Analyzebankdatafor suspiciousookingtransactionsandflagthe fraud transactions

[Note that suspiciougransactionsare not definedin this case]

It is unsupervised learning. In this case, the suspicious transactions are not defined, hence
there are no labels of "fraud" and "not fraud". The model tries to identify outliers by looking
at anomalous transactionandflagsthem as'fraud'.

Supervisedvs.Unsupervised_earning

Supervised Leamning Unsupervised Leaming

= Deals with labelled data = Deals with unlabelled data

= Usefulin real-world problems-like = Useful in finding unknown patterns
predicting the prices of an item within data-like making sense of a
something based on past trends. large number of cbservations from

an experimental device.

= Computing power required is »  The computing power required is
simpler as clean labelled data is more complex as unsorted and
used as input, messy data is used as input.

ReinforcementLearning

This learning approach enables the computer to make a series of decisions that maximize a
reward metric for the task without human intervention and without being explicitly
programmed toachievethe task.

ReinforcementLearningg Example

A Reinforcementearningis a type of learningin which a machinelearnsto perform a
task through a repeated trial-and-error
method.

X

A [ S $a@yu provideanimageof anappleto
the machineandaskthe machineto predictit-

| ‘-» R ]

A The machinefirst predictsit as W O K SaNdN.
you givenegativefeedbackhat A (in@airect.

A Now,the machinelearnsthat A (n& &cherry.
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A Then again, you ask the machine to

predict the fruit by giving an image of an

appleas input; ‘_’ ’
A Now, it knowsit isnot acherry.
A It predicts it as an apple and you give positive

feedbackhatA G Qa O2 NNB O o v/

A So,nowthe machinelearnsthat thisisanapple.

What makesit different?

1. Forsupervisedearningandunsupervisedearning,you needto havea pretty good
ideaof the datathat youhave,4 K | go@gon, andhowto solvethe problem.

2. Howeveryouwill frequentlyencountersituationswhereyou haveto dealwith large
complexproblemspaces.

3. You may need to respondto unforeseenenvironments,and you R 2 yHave
sufficientdataon those specific scenarios.

4. The environment may change. Hence your system needs to be adaptive.
WSAYTF2NOSYSY(d [SFENYyAy3 gAftt 06S AYLR2NII YD
existingknowledge ordatato provideusefulsolutions.

Examplef Reinforcement_earning

N

N\

J\
DEEPMIND Al
LEARNED HOW TO WALK

Parkinga car Humanoidwalking
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Summaryof ML Models

T

Supervisedlearning models are used when we want to determine relationships
through training.

Unsupervisedearningmodelsare usedwhenwe want to discovemew patternsfrom
data.

Reinforcementlearning models are used when we want to implement machine
learningthroughareward mechanism.

Supervised Unsupervised Reinforcement
Learning Learning Learning
Determine . Learn by
relationships Dlslfa?t\t/eer"::vv Rewarding
throughtraining Actions

Subcategoriesof Supervised_earningModel

Thereare two types of Supervised_earningmodels: Classificatiormodel and Regression
model.

Supervised Learning Model

Classification Model Regression Model
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ClassificatiorModel

Herethe datais classifiedaccordingo the Classification
labels.Forexample,jn the gradingsystem,
students are classified on the basis of the
grades they obtain with respect to their
marks in the examination. This model "
works on discrete dataset which means —
the dataneednot be continuous. =

Examplesof the ClassificatiorModel

In this case, the model would be trained on historical weather data that includes

temperature information labeled as "hot" or "cold". The model would learn the patterns

that differentiate hot and coldweatherbasedon

factorslike: R R G R - i
Vil tNe weainer be NOLOr Lo IOMOITOW ¢

T Location (averageemperatures vary

geographically)

1 Seasor{summervs.winter)

T Highandlow temperatures

T Humidity

When presented with weather data for tomorrowhe oo | HoT
trained classificatioormodelwould analyzethese
factorsandpredictthe mostlikely category- "hot" or "cold" weathertomorrow.

Classifying emails as spam or ndthe model is shown tons of emails, both real ones (like
from friendsor colleaguesand spam. Themodellearnswhat makesan emaillook like spam.
Once trained, the model sees a new emaianalyzes the clues in the email and decides: is
this spamor not? It assigns category- "spam"or "not spam"- just like sortingyour mail.

—  Inbox @

Classification Model

e [

In modernrday Email, classifiers identify if the email is spam and have evolved into other
categories such as social, advertisement, notifications, etc. Similar models are increasingly
beingusedin messagin@pplications.
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Regl’eSSIOMOde| Regression

Regression:Such models work on continuous data. For
example, if you wish to predict your nesalary, then you
would put in the data of your previous salary, any
increments etc.,andwould train the model.Here,the data
whichhasbeenfed to the machine isontinuous.

A Regressiomlgorithmspredicta continuousvaluebasedon the input variables.

A ContinuousraluesasTemperature Price,Income Age etc.

0~

Examplesf the RegressiorModel

Examplel: Predictingtemperature

Temperature is a continuous variable, meaning it ¢
take on anyvaluewithin arange.Regressiomodelsare
well-suitedfor predictingcontinuous outputs.

Example2: Predictingthe price of the house
Predictingthe price of the housebasedon someparameters:
1. [Features/IndependenYariables]
1. Noofbedrooms
2. CarpetSize
3. GarageArea
2. [Label/DependenVariable]
1. Price[Label/DependenVariable]

A In the House Price Prediction Problem, we are trying to predicptice dependent
variable) based on certain parameters like the number of bedrooms, carpet size, and
garage aredindependentvariables).

Example3: UsedCarPricePrediction

Thismodelpredictsthe sellingprice of the carwith the help of afew parameterdike

A fueltype,
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A yearsof service,

A the numberof previousowners,

A kilometersdriven,

A transmissiortype (manual/automatic)

Thistype of model will be of type regressionsinceit will predict an approximateprice
(continuousvalue)of the car based on thé&raining dataset.

TestYourself:
Identify the model: Classificatioror Regression?
Casel: Predictingwhether a customeris eligible for abankloan or not?

It is Classification. Binary Classification; since the model is going to predict whether or
not the customer is eligible for a loaimhe output will be either yes aro (discrete
values)

Case2: Predictingweather for next 24 hours
It is Regression because predicting weather for next 24 hours will be a contiranmes
(it will keepchangingover theperiod of 24 hours)
Subcategoriesof Unsupervised_earningModel

Unsupervisedearningmodelscanbe further dividedinto two categoriesClusteringmodel
andAssociatiormodel.

Unsupervised Learning Model

Clustering Model Association Model
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Whatis Clustering?

Clustering is a process of dividing the data points into different
groups or clusters based on their similarity between them.

1

Unsupervised
Raw Data Learning Model-
Clustering Technique

In this example, we have input data with no class labels (unlabeled data), and this input data
comprises of birds and animals. Note that, even though there were no class labels, the
unsupervisedearningmodelwasableto dividethis datainto two clustersbasedon clustering.

Thetwo clustershavebeenformedbasedon the similarityof characteristicsThefirst cluster
comprises allhe animalsandthe secondclustercomprises alihe birds.

Differencebetween Clusteringand Classification
A Classificatiomsespredefinedclassesn whichobjectsare assigned.

A Clustering findsimilarities between objects and places them in the same cluster and
it differentiates them from objects other clusters.

Clusteringg Example

Jim enjoys listening to music. Jim likes to listen to music having slow tempo and soft
intensitywhereashe dislikessongshavingfasttempo andhigh intensity.

-

A Wehavegroupedall the songshavingslowtempo andsoftintensityinto 1 clusterthat
he likes

A While,songswith afasttempoandhighintensityinto anothercluster

A Now if he listensto a new song X with a slow tempo and soft intensity. Couldyou
predictwill helike the song Xor not?

This is how clustering techniques work. The clustering model will be able to identify
clusters based on some similarities or patterns which aredsdined in the input. For
exampletempoandintensityarethe onlyfeaturesknown,but clustersbasedon likesand
dislikes have been grouped together and given as output. Similar techniques are used in
OTTplatformslike Netflix/Spotifyfor recommendations.
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Association

AssociationRule is an unsupervisedlearning method that is used to find interesting
relationshipshetweenvariablesfrom the database.

Customer A Customer B

Basedon the purchasepattern of customersA and B, canyou predict any CustomerX who
buysbreadwill mostprobablybuy?

Customer B Customer X

Customer A

Basedon the purchasepattern of other customerswe canpredictthat there ishighprobability
that anycustomerxwho buysbreadwill mostprobablybuy butter.

Therefore suchmeaningfulassociationsanbe usefulto recommendtemsto customersThigs
calledAssociatiorRule.
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Summaryof detailed classificationof ML models

N S T S l |
Classification Regression J Clustering Association }

TestYourself:

[ S ihaveknowledgecheck basedn learningapproachesandits types!

Q1.Whichlearningapproachuseslabelleddatafor training?

Supervised.earning Reinforcement.earning

Unsupervised.earning

Q2.Thetargetvariableis categoricain Problem?

Clustering Classification

Q3. Which algorithmic model would you use when you have to predict a continuous
valued output?

Clustering Classification

Q4.Whichof the followingisfalseabout Reinforcement_earning?

UsesRewardViechanism Targetisto Maximizethe Reward

Predictsa continuousvalueasoutput
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Q5.Clusterings learningandits goalisto ?

SupervisedClassifylata points Unsupervised, Divide theata
intodifferent classes pointsinto differentgroups

UnsupervisedPredictthe output based
on input datapoints

SubCategoriesof DeepLearning

Deep Learning enables software to train itself to perform tasks with vast amounts of data.
In deep learning, the machine is trained with huge amounts of data which helps it to train
itself around the data. Such machines are intelligent enough to develop algorithms for
themselvesTherearetwo typesof DeepLearningnodels: ArtificiaNeuralNetworks(ANN)

andConvolutionNeuralNetwork(CNN).

Deep Learning

Artificial Neural Network Convolution Neural
(ANN) Network (CNN)

Artificial Neuralnetworks (ANN)- Artificial Neuralnetworksare modelledon the humanbrain

and nervous system. They are able to automatically extract features without input from the
programmer. Every neural network node is essentially a machine learning algorithm. It is
usefulwhen solvingoroblemsfor whichthe data setisverylarge.

Convolutional Neural Network (CNN)Convolutional Neural Network is a Deep Learning

algorithm which can take in an input image, assign importance (learnable weights and
biases) to various aspects/objects in the image and be able to differentiate one from the
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2.3 Artificial NeuralNetworks

Purpose:Tounderstandand experiencevhat a neuralnetworkislike.

Brief:
Neural networks are loosely modelled after how neuronsin the human brain behave.

The keyadvantageof neural networksis that they are able to extract datafeatures

automaticallywithout needingthe input of the programmer A neuralnetwork isessentially
a systemof organizingmachinelearningalgorithmsto perform certaintasks.It isa fastand
efficientwayto solveproblemsfor which the data seis very largesuchas inimages.

Whatis NeuralNetwork?

Neural networks are loosely modelled after
how neuronsin the humanbrainbehave.The —
key advantage of neural networksthat they
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are able to extract data features .z‘ﬁ.%é.%é'(
automatically without needing the mpu'F of .\\\'{,MN

the programmer. A neural network is o

essentially a system of organizing machine e vt B

learning algorithmgo perform certaintasks.
It isafastandefficientwayto solveproblems
for whichthe datasetis verylarge,such asn images.

Thisisarepresentationof how neuralnetworkswork:

A ANeuralNetworkisdividedinto multiple layersand eachlayeris further dividedinto
several blocks called nodes. Each node has its own task to accomplish which is then
passedo the nextlayer.

A NeuralNetworkconsistof aninput layer, hiddenlayerwhich performscomputation
usingweightsandbiaseson eachnodeandfinally,informationis passedhroughthese
layersto reachthe output layer.

1 The first layer of a Neural Network is known as the input layer. The job of an input
layer is to acquire data and feed it to the Neural Network. No processing occurs at
the input layer.

1 Next to it, are the hidden layers. Hidden layers are the layers in which the whole
processingccurs.Theirnameessentiallyneangshat theselayersarehiddenandare
not visible to the user. Each node of these hidden layers has its own machine
learningalgorithmwhichit executeson the datareceivedfrom the inputlayer.
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A Thehiddenlayerperformscomputationby meansof weightsandbiasesnformation
passedrom onelayerto the other after the valuefound from this calculationpassed
througha selected activation function.

A The process of finding the right output begins with trial and error until the network
finallylearns.

A With each try, the weights are adjusted based on the error found between the
desiredoutput andthe network output.

There can be multiple hidden layers in a neural network system and their number
depends upon the complexity of the function for which the network has been
configured. Also, the number of nodes in each layer can vary accordingly. The last
hiddenlayer passes the final processed data to the output layer which then gives it to
the userasthe final output. Similarto the input layer,output layertoo doesnot process

the datawhichit acquireslt is meantfor userinterface.

Realworld applications of neural network are facial recognition, customer support
chatbot,vegetable price predictioretc.

How doesAl makea Decision?

Let's say you want to go out to the park today. What would be your thought process? What
would youconsider?

Most of us would want to avoid getting soaked in the rain. These are possible factors that
may influence your decision whether to go out. So, the first question that you may ask is,
G { K 2 dghgrarain2 I O1 S K¢

Thenyoumayalsoask,d { K 2lizhgBndzY 6 NBAr f | K ¢
you mayalso ask¢ 2 Kisthe weathery 2 ¢ K €
Andfinally,& 2 K willithe weatherbe like, laterinthe R | & K €

Whatisthe weather

Dol have gjacket? Dol haveanumbrella? Isit rainingnow?
forecastfor later?
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Now, you have the factors that will influence you
decision to go out. But take note, not all factors ar
equal.Somefactorsare moreimportant, while some s~
are not.

Let's see whiclone is more important. Let us rank
them from the most important to the least
important.

C2NJ YSS aAa AG adzyye vy
GOKS ¢SFUIKSN) F2NBOI ad
ismoreimportantthand K | @AuyhBrella.Wecan
put the rankingfor this example.

4

Do | have an
umbrella?

b L

What is the weather
forecast for later?

Is it raining now?

Now let usconvertthisto perceptron.

D2Ay3 o601 G2 GKS SINIASNI SEIYLX ST 6S KI @S 7
four inputs (from X1 to X4). Next, we have their weights (from W1 to W3). Then, we also
havethe bias Bwith weight WB.

Finally we sumthem all up, comparewith threshold,andwe will get our output.

Perceptron Example (go to the park)

Nowwe will fill in the four inputswith the factorsthat we havelisted out.
w5 zhavea jacket?

w5 zhaveumbrella?

w Lit&unnynow?

w2 K isthe weatherforecastfor later?
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Perceptron Example (go to the park)

@ —m=
Y

Now we will fill in the importance.But the importanceis not very useful in mathematical
calculations.

Next,let usassignsomenumbersto them. At the sametime, we will alsoassigna numbeifor
the biasweight (WB).

Howdo we know what shoulde the actualvaluesfor the weights? Wavill not know whatre
the actualweights.However we canmakesome assumptions.

Wy

|

w2

|

W3

X\

Perceptron Example (go to the park)

1st
/ 4

4ath
. - @ — ==
- Isitsunny now? 2

Thevaluesfor the weightscancomefrom experience He mayhavean experiencebeing
sunnynow would mostlikelymeanabright dayahead hencethe highimportancethere.

It can also come from personal preference. A person may judge a particular factor more
heavily as compared to another person. For example, she may be more concerned with
the weatherforecast,hencethe higher importancehere.

The values for WB are also based on personal preference. If a person is more cautious,
he maysetthe valuefor WBto be higher,hencehisdecisionwould geartowardsstaying
indoorsunless he is sure that it would not rain. On another hand, a person who is more
daring will have a lower WB, hence he is more likely to go out regardless of the current
situation.In this example we choose4 aswe want to be morecautious.
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Perceptron Example (go to the park)

1.0

—— .

Therefore, there is no right or wrong answers in coming up with the values for the

weights. However, the effects of the values will determine the outcome that the person

is going to take, whether to go out or not. That is the reason why everyone comes up
with adifferent decisioneventhoughthe situation isthe samefor everyone.

Forthisexamplef S a@ldaveajacket,|R 2 yh&éanumbrella,it is sunnynow, and
the weatherforecastis goingto rain. We canconvertthe yesand no to numbersl and
0. Forbias,we will always takel.

Perceptron Example (go to the park)
1.

- E e
3.0

T isitsunny now? p— \ @YES
25

L e

Scenario 1
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From this calculation,the output is 0.5. Sincethis is higherthan the threshold (whichis
zero),the resultis lwill go outto the park.

Perceptron Example (go to the park)

» YES

Output=(1x 1.5)+(0x 1.0) + (1% 3.0) + (0x 2.5) - (1 x 4.0) NO

Output=0.5

Now let uschangefor anotherexample.
f SsaIR 2 y Q (ajakket@Havean umbrella, it isiot sunnynow, andthe weather
forecast is okWe will convertthe yesandno to numbersl1 and 0. Andsimilarly,for bias,

we will takel.

Perceptron Example (go to the park)

"INO
15
1.0
t g mT-
LN

P N

Scenario 2

Fromthis calculation,the output is -0.5. Sincethis is lower than the threshold (whichis
zero),the resultis Iwill not goout to the park.
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Perceptron Example (go to the park)

< _a_‘wo

——
|
Output ={0x1.5) + (1x1.0) + (0 x 3.0) + (1 x 2.5) - (1x 4.0) ‘ iYES

Output =- 0.5

P> N

Scenario 2

Activity 1

HumanNeuralNetwork ¢ TheGame

SessioPreparation

LogisticsFora classof 40 students[IndividualActivity]

MaterialsRequired:

ITEM QUANTITY
ImageqTobe keptwith the facilitator) 2

Postit Notes 80
Sketchpens 40
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Purpose:Tounderstandand experience what neuralnetwork s like.

Brief:

Studentswill now experiencenow Neuralnetworkswork with the help of an activity. Each
of the students will be considered as the node of either Input La§iédjdden Layer, ®
Hidden Layer or the Output Layer. The instructions and rules have been mentioned
StudentsHandbook.

After arrangingthe students attheir positions anchandingthem stickynotesto write,
show the sample image pristiut to the input layer students. Let the studen
understandanddobythemselvesafterthis.

Whento intervene?

Ask the students to play the game with honesty. No two noches discuss anything
Eachone of them hasto usetheir own discretionto understandand play

Let us developa better understandingabout this conceptwith the help of a gamecalled
HumanNeuralNetwork.

GameStructure:
Layers Numberof Students Numberof chits
Input Layer 7 6
HiddenLayerl 6 4
HiddenLayer2 6 2
OutputLayer 1 -
TOTAL 20 -

INPUT
LAYER

HIDDEN
LAYER 1

HIDDEN
LAYER 2

OuUTPUT

LAYER
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GroundRules:

No oneis allowedto talk or discusdill the gameends.Funof the gameliesin playing it
honestly.

Eachayershouldsitdistantto eachother.

Theimageshouldonly be shownto the Input layerandno oneelse.
Thegameissupposedo be playedsilently. Thismeansthat one hasto write aword onthe
chit and passon the chit without speakingout aloud.

One needgo procesghe dataas fastaspossible hencenot takemuch timecanbe taken
to write and pas®n thechits.

Input layer nodescannotdiscusshe imageshownwith eachother. Everyonehasto use
their own discretion.

No sentencesor multiple words are to be written on the chit. Only one word per chit is
allowed.

Oncethe taskof a layeris finished,that layerneedsto go and sit asideand not

disturb otherstill the game ends.

Gamelnstructions:

Input Layer
7 studentswill be standingasthe nodesof aninput layer.

All of them will be shown an image. After looking at it, they need to write 6 different
words on 6 different chits. They have to choose the words which describe the image in
the bestway possible They can alscepeatthe wordsif needed

After making these chits, they need to pass on one chit to each of the raddedden
layerl. Thatis, 1 chitwill be givento one member.

HiddenLayerl:
6 studentswill be standingasthe nodesof hiddenlayer1.
Each of them will receive 7 chits from 7 different input nodes. Now they have to take a
goodlookat the chitsandthen write down 4 different wordson 4 different chits.Forthis,
they can either use the same words as the infayer did or they can make their own
information(relevantto the context)andwrite it.
Now these 4 chits are to be given randomly to any 4 nodes of Hidden Layer 2.0ut of the
6 nodes of 2 hidden layer, one can choose any 4 and give oncet@lgtich. (For best
results, each node of hidden layer 2 should get almost saumber of chits thus the
divisionshouldbe doneproperly)

HiddenLayer2:
6 Studentswill be standingasthe nodesof hiddenlayer2.
Eachoneof themwill getsomenumberof chitsfrom the previouslayer.Nowthey have
to performthe sametaskashiddenlayerl andhaveto write down2different wordson
2 different chitsand passit onto the output layer.

OutputlLayer
Finally,the output layernodewill get 12 chits. Now s/he hasto understandall the words

andhasto guessvhichimagewasshownto the input layerinitially.
Output layer will then write a summaryout of all the words receivedto explainhis/her
deduction.Thesummaryshouldnot be morethan5 lines.
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Finally,the output layer presentsthis summaryin-front of everyoneand the realimage
isfinally revealedto all.

If the summaryis accurateenough the whole networkwinselsethey lose.

TestYourself:

Chooseahe mostappropriate answerfor eachquestion.

1. Inwhichtype of machinelearningisthe datalabeledwith the desiredoutput?
a) Supervised.earning
b) Unsupervised.earning
c) Reinforcement.earning

d) DeepLearning

2. An email spamfilter that learnsto identify spamemailsbasedon labeledexampless an
application of:
a) Supervised.earning

b) Unsupervised.earning
c) Reinforcement.earning

d) TransferLearning

3. A machinelearning algorithm that groupssimilar customer purchasesinto clustersfor
recommendation systems uses:

a) Supervised.earning
b) Unsupervised.earning
c) Reinforcement.earning

d) NeuralNetworks

4. AnAlagentplayingagameand learningfrom its rewardsand penaltiesis an exampleof:
a) Supervised.earning
b) Unsupervised.earning
c) Reinforcement.earning

d) Evolutionarnyearning
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5. Whichof the following statementsisNOTtrue aboutsupervisedearning?
a) Requiredabeleddatafor training.
b) Usedfor classificatiorandregressiortasks.
c) Canbe lessefficientfor largedatasets.

d) Oftenusedin imagerecognitionapplications.

6. Inanunsupervisedearningscenariothe goalisto:
a) Predicta specificoutput basedon labeleddata.
b) Identify patternsandrelationshipswithin unlabeleddata.
c¢) Trainan Alagentthroughrewardsandpenalties.

d) Developcomplexneuralnetworkarchitectures.

7. Clusteringalgorithmsare commonlyusedin unsupervisedearningfor:
a) Spanfiltering

b) Imageclassification
c) Stockpriceprediction

d) Groupingsimilardatapoints

8. Reinforcementearningis particularlyusefulfor scenariosvhere:
a) Largeamountsof labeleddataare available.
b) Thedesiredoutcomeis clear,but the pathto achieveit isunknown.
¢) Thedatais structuredandeasilycategorized.

d) Thetaskrequiresreasoningandlogicaldeduction.

9. Imaginean Al playingagameandlearningto win by trial anderror. Thisisan exampleof:
a) Supervised.earning
b) Unsupervised.earning
c) Reinforcement.earning

d) NaturalLanguag@rocessing
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10. Artificialneuralnetworksare inspiredby the structureandfunction of:
a) Thehumanbrain
b) Quantumcomputers
c) Complexnathematicaimodels

d) Highspeedprocessors

11.Theprocessof adjustingthe weightsin aneuralnetworkto improveperformances called:
a) Activation
b) Learning
¢) Optimization

d) Training

12. Aneuralnetworkwith multiple layersof interconnectedneuronsis calleda:
a) Singlelayernetwork
b) DeepNeuralNetwork
c) Lineametwork

d) Perceptron

13. Neuralnetworksare particularlywell-suitedfor tasksinvolving:
a) Simplecalculationsandmathematicaloperations
b) Recognizingatternsin complexdatalikeimagesandtext
c) Performinglogicaldeductionsandreasoningasks

d) Storingandretrievinglargeamountsof information

14. Traininganeuralnetwork often requires:
a) Asmallsetof labeleddatasamples
b) Asignificantamountof dataand computationalresources
c) Aspecificsetof programmingnstructions

d) Ahumanexpertto guidethe learningprocess
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Assertionand reasoningbasedquestions:
Q1.Assertion:Unsupervised Learnirigatype of learningwithout anyguidance.

Reasoning: Unsupervised learning models work on unlabeled datasets, where the data fed
into the machine is random and the person training the model may not have any prior
information aboutit.

Options:

(a)BothAandRaretrue andRisthe correctexplanationfor A

(b) BothAandRaretrue andRis not the correctexplanationfor A
(c)AisTruebut RisFalse

(d)Aisfalsebut RisTrue

Q2. Assertion(A): Information processingn a neural network relies on weights and biases
assignedo nodes.

Reasoning (R): These weights and biases determine how strongly a node is influenced by its
inputsandits overallcontributionto the nextlayer.

Reflection Time:

Answerthe following questions:

Q1.Givedifferencebetweenrule basedandlearningbasedAlmodels.

Q2.What is supervisedpunsupervisedand reinforcementlearning?Explainwith examples.
Q3.Whatisclusteringand howis it different from classification?
Q4.Explaimeuralnetworks.Alsogivefunctionsof three layersof neuralnetworks Q5.
Differentiatebetweenclassificatiorandregression model.
Q6.Whatisneuralnetwork?Givethe functioningof its three layers?

Q7.1dentify the type of learning(supervisedunsupervisedreinforcementlearning)are the
following casestudies mostikelybasedon?

a) CaseStudyl:
A company wants to predict customer churn based on past purchasing behavior,
demographicsand customerinteractions.Theyhavea datasetwith labeledexamples
of customerswho churnedandthose whodid not.

b) CaseStudy2:
Asocialmediaplatform wantsto groupusersbasedon their interestsandbehaviorto
recommend relevant content. They have a large dataset of user interactions but no
predefinedcategoriesWhichtype of learningisthis casestudymaostlikelybasedon?

c) CaseStudya3:
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Anautonomousvehicleislearningto navigatethrougha city environment.It receives
feedback in the form of rewards for reaching disstination safely and penalties for
traffic violations.Whichtype of learningis this casestudymostlikely basedon?

d) CaseStudy4:
A healthcare provider wants to identify patterns in patient data to personalize
treatment plans.Theyhavea datasetwith variouspatient attributesbut no predefined
labels indicating specific treatment plans. Which type of learning is this case study
mostlikely basedn?

e) CaseStudys:
A manufacturing company wants to optimize its production processidtgcting
anomalies in sensor data from machinery. They have a dataset with examples of
normal and anomalous behavior. Which type of learning is this case study most likely
basedon?

Q8. Identify the type of model (classification, regression, clustering, association model) are
the followingcase studiesnostlikely basedn?

a) A bank wants to predict whether a loan applicant will "default” or "m@fault” on
their loan payments. They have a dataset containing information such as income,
creditscore Joanamount,and employmentstatus.

b) A real estate agency wants to predict the selling price of houses based on various
features such as size, location, number of bedrooms, and bathrooms. They have a
datasetcontaininghistoricalsales data.

c) Amarketing company wants to segment its customer base into distinct groups based
on purchasingbehavior for targeted marketing campaigns.They have a dataset
containinginformation suchaspurchasehistory,frequencyof purchasesandamount
spent.

d) Agrocery store wants to identify associations between different products purchased
by customerdo understandwhichproductsarecommonlyboughttogether. Theyhave
a transaction dataset containing records of items purchased together during each
transaction.

Q9. A healthcare provider wants to improve patient care by predicting the length of hospital
stays for different medical conditions. They have a dataset containing patient demographics,
medicalhistory,andtreatment details.Thetaskinvolves:

a) Topredictwhetherapatientwill haveashortor longhospitalstay.

b) Topredictthe numberof daysa patientwill stayin the hospital.

c) Tosegmentpatientsinto groupswith similarcharacteristicdor personalizedreatment
plans.

d) Toidentify patternsin patienttreatmentsandoutcomes.
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Identify the type of model (classification, regression, clusteiangl, associatiomodel) in the
above tasks.

Q10.Convertthe followingscenariogo perceptron:

a) Context:A manageris decidingwhether to approvea work-from-home request
from anemployee.

Factors:
- Doesthe employeeperformwell whenworkingremotely?

- Arethere anyupcomingteam meetingsor collaborativeprojects?
- Doesthe company'olicysupportremote work?

- Isit beneficialfor both the employeeandthe company?

b) Context: A homeowneris decidingwhether to investin solar panelsfor their
house.

Factors:

- Dol havea sufficientaverageamountof sunlightin my area?

- Arethere anyavailableincentivesor rebatesfor installingsolarpanels?
- Doesinstallingsolarpanelsimpactthe valueof my home?

- Doessolarenergyleadto environmentalbenefits?
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Unit-3: EvaluatingModels

LessorTitle: EvaluatingModels Approach:Session+ Activity

Summary: Inthismodule,studentsareintroducedto the commonmetricsusedto evaluateAl
models.Theywill knowhow to deriveand calculatethe evaluationmetricsandwould alsoget
an idea on how to improve the accuracy/efficiency of an Al Mobeey will be introduced ti
the concept of Train/ Test Split, Common evaluation metrics such as Accuracy, Co
Matrix, Precision, Recalr1l Scorel.earnerswill also beableto identify the useof this metrics
in use cases encounteredawveryday life.

LearningObjectives:

1. Tointroducestudentsto the commonmetricsusedto evaluateAlmodels
2. Tofamiliarizestudentswith derivingand calculatinghe evaluationmetrics

3. To enable students toecognizethe most suitable evaluation metric for a given
application.

LearningOutcomes:

1. Recogniseommonmetricsusedto evaluateAl models
2. Deriveandcalculatethe evaluationmetrics

3. Recognizéhe mostsuitableevaluationmetric for a givenapplication.

Prerequisites: Essentialnderstandingpf Artificial Intelligence

Key-concepts:

1. Importanceof modelevaluation
2. Evaluatiormetricsfor classification
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Introduction

Till now we have learnt about the 4 stages ofpfdject cycle, viz. Problem scoping, Data
acquisition,Dataexploration andmodelling.While inmodellingwe can make differentypes
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into play.Inthe Evaluatiorstage we will exploredifferent methodsof evaluatingan Aimodel.
Model Evaluation is an integral part of the model development process. It helps to find the
best model that represents our data and how well the chosen model will work in the future

3.1:Importanceof Model Evaluation

Whatis evaluation?

A Model evaluation is the process of using differer
evaluation metrics to understand a machine learnir

Y2RSt Qa LISNF2NXI YOS
A AnAlmodelgetsbetter with constructivefeedback
A You build amodel, get feedback from metrics, mak( gvaiuation

improvements and continue until you achieve
desirable accuracy

MODEL

You learn a You take a You assess the
subject test result

model with model with Eval:.'asldnegl the
train data test data

Training the Testing the -

Fine tuning the
model for better
performance

f L Ulikz&he report cardof yourschool e

f There are many parameters like grades, percentage,| =
percentiles, ranks =

1 Youracademicperformancegets evaluatedand you know
where to work more to get better

REPORT CARD

&)
SO Schocd Marw Gy Moo
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Needof modelevaluation

In essencemodel evaluationis like givingyour Almodelareport card. Ithelpsyou understandits
strengths, weaknesses, artiitability for the task at hand. This feedback loop is essential for
building trustworthy and reliable Al systems.

l FTGSNJ dzy RSNEGFYRAY3 GKS ySSR F2NJ a2RSft 9@l f dz
There can be different Evaluation techniques, depending of the type and purpose of the model.

3.2: Splitting the training setdatafor Evaluation

Traintest split

A The traintest split is a technique for evaluating the performance of a machine learning
algorithm

A It canbe usedfor anysupervisedearningalgorithm

A The procedureinvolvestaking a dataset and dividing it into two subsets:The training
dataset and the testing dataset

A Thetrain-test procedureis appropriatewhenthere is a sufficientlylargedatasetavailable

= Testing set

= Training set

aa

10000 labelled data for
image classification
model

-

8000 labelled data used for 2000 labelled data used for
training testing
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Needof Traintest split
A Thetrain datasetisusedto makethe modellearn

A Theinput elementsof the testdatasetare providedto the trained model. Themodelmakes
predictions, and the predicted values are compared to the expecadaes

A Theobjectiveisto estimatethe performanceof the machinelearningmodelon new data:
data not used to train the model

Algorithm Untrained model
2 Create Model
- R
Ly
1 Training set
v
Dataset Train Test Split z 3
e — Fit Mode) Trained model Evaluation Score
— ¥ - T ——
[ -
= . — 067
— Toct co . > :
=i  Testset — A
- - p— re }\;\Ode\
st E\,an,ua
\\‘u-: 4 -
=

Thisishowwe expectto usethe modelin practice.Namely o fit it on availabledatawith known

inputs and outputsthen make predictions on new examples in the future where we do not

have the expected output or target values.

Remembethat L (n& &commendedo usethe datawe usedto build the modelto evaluate

it. This is because our model will simply remember the whole training set, and will therefore

alwayspredictthe correct labefor any point inthe training set.This is knowmsoverfitting.

=> Youwill learnmore aboutthe conceptsincludingtrain test split and crossvalidationin
higher classes.

3.3: AccuracyandError
A BobandBillywentto a concert

A Bob brought Rs 300 and Billy brought Rs 550
the entry fee for that

A Theentry fee per personwasRs500
A Canyoutell:
A Whoismoreaccurate?Bob orBilly?

A Howmuchisthe error for both Bob andBillyin estimatingthe concertentry fee?
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Accuracy

A Accuracyisan evaluation metric that allows you to measure the total number of
predictionsa modelgetsright.

A Theaccuracyof the model and performanceof the model is directly proportional, and
hence better the performance of the model, the more accurate are the predictions.

Error

A Errorcanbe describedasanactionthat isinaccurateor wrong.

A InMachineLearningthe errorisusedto seehow accuratelyour model canpredictdatait
uses to learn new, unseen data.

A Basedon our error, we choosethe machinelearning model which performs best for a
particular dataset.

Error refers to the difference between a model's prediction and the actual outcomaatttifies how often
the model makes mistakes.

Based on the present error, the Al
model parameters are fine tuned to
reduce further error

!
Input Data e Al model ===  Predicted value -
Error

Actual value _

Imagineyou'retrainingamodelto predictif youhavea certaindiseasg(classificatiortask).

1 Error:If the modelpredictsyouR 2 yh&éadiseasebut you actuallyhaveadiseasethat's
an error. Theerror quantifies how far off the prediction was from reality.

You have a certain Al Prediction You don’t have the

——

disease model disease

Wrong prediction.
There is an error
detected.

1 Accuracyif the model correctly predictsdiseaseor no diseasefor a particular period, it
has100%accuracyfor that period.
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KeyPoints:

T Herethe goalisto minimizeerror and maximizeaccuracy.
Realworld datacanbe messyandeventhe best modelsnakemistakes.
Sometimes, focusing solely on accuracy might not be ideal. For instance, in medical
diagnosis, a model with slightly lower accuracy but a strong focus on avoiding incorrectly
identifying a healthy person as sick might be preferable.

T Choosing the right error or accuracy metric depends on the specific task and its
requirements.

Understandingboth error and accuracyis crucialfor effectively evaluatingand improving Al
models.

Activity 1: Findthe accuracyof the Al model

PurposeTounderstandhow to calculatethe error andthe accuracy.

Sayd ¢ Kdbthwill understandthe conceptof accuracyanderror and practiceit

YIGKSYFGAOFft&aodé

Calculatethe accuracyof the House Pricgrediction Al model

A Readthe instructionsandfill in the blankcellsin the table.

A Theformulafor findingerror andaccuracyis shownin the table
A Accuracyof the Almodelisthe meanaccuracyof all fivesamples

A Percentageccuracycanbe seen bymultiplyingthe accuracywith 100

PredictedHouse ActualHouse |ErrorAbs ErrorRate Accuracy IAccuracy%

Price(USD) Price(USD) |(ActuatPredicted) (Error/Actual) (1-Errorrate) (Accuracy*100)%

391k 402k Abs(402k391k)= 11k/402k=0.027| 1-0.027=0.973 | 0.973*100%97.3%
11k

453k 488k

125k 97k

871k 907k

322k 425k

*Abs meansthe absolutevalue,whichmeansonlythe magnitudeof the differencewithout any
negative sign (if any)

TheModel Evaluationstandson the two pillarsof accuracyanderror. [ S iir@dérstandsome
more metricsstandingon thesetwo pillars.
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3.4: Evaluatiormetricsfor Qassification

What is Classification?
A Yougoto asupermarketandwere givertwo trolleys

A Inone,youhaveto placethe fruits andvegetablesin
the other, youmustput the groceryitemslike bread,
oil, egg, etc.

A So basically, you are classifying the items of th
supermarket into two classes:

A fruits andvegetables
A grocery

A Classification usually refers to a problem where
specifiaype of clasdabelisthe resultto be predicted
from the given input field of data

A For example, here we are working on a vegetab
groceryclassifier model that predicts whether th
item in the supermarket is a vegetable or a grocery

' Visualizing the concept of
item classificationLeft4 Classes;
Right 2 classes

TryYourself:

Which of this is a classification use case example?

Houseprice prediction Creditcardfraud detection
Salaryprediction

ClassificationMetrics

Populametricsusedfor classificatiormodel
A Confusiommatrix

A Classificatiomccuracy
A Precision
A

Recall
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[ S Ginderstandthesemetricsin details:

Confusionmatrix

[ S (s&yasedon some clinical parameters;you have designeda classifierthat predicts
whether a person isfected with a certain disease or not.

Theoutput is 1 if the personisinfectedor O if the personisnot infected. Thais, 1 and0 signify
whether a person is infected or not.

1 The confusion matrix is a handy presentation

of the accuracyf amodelwith two or more Fredicted Values
classes
1 The table presents the actual values on the R 12 06

y-axis and predicted values on theaxis

Actual Values

1 The numbers in each cell represents the
number of predictions made by a machine
learning algorithm that falls into that
particular category

Sl 04

Predicted Values

e

Predictions for 1 that were
actually 1 appear in this cell
Means the person infected
with the disease is also
predicted as being infected.

Values
1
—

M
[y

.HQ

Actual
0

For examplea machine learninglgorithm carnpredictO or 1 and eachprediction mayactually
have been a 0 or 1.

* Imagesshownherearethe property of individualorganisationsndare usedherefor referencepurposeonly.



Predicted Values
1 0

Predictions for 0 that were
actually 1 appear in this
cell.

Means the person infected
with the disease is
predicted as not being
infected.

Actual Values

0

Predicted Values

1 0

Predictions for O that were

-

12 actually 0 appear in this cell.

Means the person not infected
with the disease is also
predicted as being not
infected.

o

Actual Values
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Predicted Values

1 0
Predictions for 1 that were
ctually O appear in this -
ell. 12
Means the person not
infected with the disease is

predicted as being
infected.

tual Values

Ac
0

Activity 2: Buildthe confusionmatrix from scratch

Duration:10 minutes

Purposelearnhowto createconfusionmatrix from the scratch.

Sayd ¢ KoBthneedto analyzehe situationandtabulateanon-numericalinformatior
I YydzYSNROFf 2y Sodé

Activity Guidelines

1 [ S assumavewerepredictingthe presenceof adiseasefor example,'yes"would mean
they havethe diseaseand"no" would meanthey don't havethe disease

1 So,the Almodelwill haveoutputis Yesor No

1 Thefollowing chart showsthe actual valuesand Actual value Predicted Value
the predicted values Yes Yes
o0 Constructa confusionmatrix. No No
o Can you tell how many are correct No Yes
predictions among all predictions? Yes No
No No
Yes Yes
Yes No
No No
No No
No No
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Fillthe matrix basedon the table givenhere.

Predicted Values

Yes No
@
>
o
z --

Count the number of rows havingeS in both
columnsof the table and put the count in the

first cell. Similarly humberof rowshavingYES

in the first column and NO in the second $
column will be shown in the top right cell of g
confusion matrix. Number of rows having NOE

in the first column and YES in the seconc
column will be shown in the down left cell of 2
confusion matrix. Lastly, numberf aows

having NO in the first column and YES in the
secondcolumnwill be shownin the downright

cell of confusion matrix.

Actual Values

Predicted Values
Yes Mo
-

Activity Guidelines; Solution

Activity Reflection
A S, there are 07 correctpredictionsout of 10 predictions.
A Whatdo youthink? Howgoodis your model?

Now that you know how to constructa Confusionmatrix, f S Gn@eistandeachcell of the
matrixin details.
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TruePositive

A True Positive(TP is the outcome of the Predicted Values
model correctly predicting 1 0
the positiveclass
A Any class can be assumed as a positive ~ 06
class, and the rest can be assumed as a
negative =
o y > .
A[SuQa ale Oftlaa ™M Aasg aad;
class g 04 21

A Canyoutell the TP valudrom this matrix?

Scenaridl:
Considerouarewatchingfootballworld cup. Scenario
2:

Considethe earlierexampleof medicaldiagnosiof
an infected disease

TruePositive examples

A Youhadpredictedthat Francewould win the world cup,andit won.

A Inthe earlieractivity,the casesn whichwe predictedyes(they havethe disease)andthey
do have the disease.

TrueNegative Predicted Values

i . 1 0
A True Negative (TN) is the outcome of the

model correctly predicting the negative class.

- 12 06

A Since in the previous example, class assumed
the positive class, class 0 should be assumed tt=
negative class. |

ues

Actua

: . . 04
A Canyoutell the TN valudrom this matrix? =

TrueNegativeexamples
A Youhadpredictedthat Germanywould not win, andit lost

b2 6GKSe& R2yQ

A In the earlier activity, the cases in which WdNBE RA O S
asSlas

R
YR GKS& R2y Qi KIF@S (G4KS RAAS
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FalsePositive Predicted Values

. 1 0
A False Positive (FP is the outcome of the model

wronglypredicting the negativeclassas positive class.

) - 12 06

A Here, when a class 0 is predictedctess 1, it falls into
the FP cell.

A Canyoutell the FPvaluefrom this matrix?

Actual Values

21

]

FalsePositive examples
A Youhadpredictedthat Germanywould win, but it lost.

A Inthe earlieractivity,the casesn whichwe predictedYegtheyhavethe disease)andthey
R 2 yh&véthe disease.

Falsel\legative Predicted Values
1 0

A FalseNegative (FN is the outcome of the model
wrongly predicting the positive class as the

negative class. g 12
A Here, when class 1 is predicted as class 0, it fal;:lu
into the FN cell. El
) €
A Canyoutell the FNvaluefrom this matrix? e 04 21

FalseNegativeexamples

A Youhadpredictedthat Francewould not win but it won

A In the earlier activity, the casesin whichwe predictedNo (they R 2 yh&v@the disease),
andthey havethe disease
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Accuracyfrom Confusiommatrix

Classification accuracy is the number of correct predictions made as a ratio of all predictides

Predicted Values
1 o

12

Can you spot the
correct predictions?

Actual Values

o

Calculateahe Classificatiormccuracyfrom this confusionmatrix.

Predicted Values
Correct predictions=TP+TN
Total predictions=TP+TN+FP+FN

Correct predictions
Total predictions

Classification accuracy =

Actual Values

= TPFTNAEPN

12+21

=12721+04+08 - 0767

Can weuseAccuracyall the time?

A Itis only suitable when there are an equal number of observations in each class, i.e., a balanced
dataset (vhich is rarely the case), and that all predictions and prediction errors are equally

important, which is often not the case.

A Butwhyisthat so?[ S ur@derstandit better from the nextactivity

Activity 3: Calculatethe accuracyof the classifiermodel

Duration:20 minutes
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PurposeTodesignan Almodelthat predictswhethera studentwill passatest (Yespr not
pass a test (No).

Say: Iclassifies the input into two classes Yes and No. Also, calculate the accuracy
classifier model and construct the confusion matrix for the model

Activity Guidelines
A [ S asQuineyouaretestingyourmodelon 1000total test data.
A Outof whichthe actualvaluesare 900 Yesandonly 100No (Unbalancedlataset).

A [ S asuinghat youhavebuilt afaulty modelwhich,irrespectiveof anyinput, will givea
predictionasYes.

A Canyoutell the classificatioraccuracyof this model?

Stepl: Constructthe ActualvaluevsPredictedvaluetable
Actual value Predicted Value

ConsideY esiHisthe positiveclassand Wo Hsthe negativeclass.

Step2: Constructthe confusionmatrix.
Activity solution: Accuracyfrom Confusionmatrix

So,the faulty modelwill predictall the 1000input dataasYes.

Actual value Predicted Value
Yes=900 Yes=1000
No=100 No=0

Conside¥ esdasthe positiveclassand No Yasthe negativeclass.

Constructthe confusionmatrix from the ActualvsPredictedtable.
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Predicted Values

Actual Values
Yos

Activity solution: Accuracyfrom Confusionmatrix

Predicted Values

Actual Values

Step3: Now calculatethe accuracyfrom this matrix.

- . Correctpredictions
Classificatiomccuracy = megictions

_  TP+TN
TP+TN+FP+FN

Step4: Convertingthe accuracyto percentage:= %

e . Correctpredictions
Classificatiomccuracys ~ g estions

_  IP+IN
TP+TN+FP+FN
900 —

900+0+100+0

Convertinghe accuracyto percentage0.9x100%=90%
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So,the faulty modelyou madeis showingan accuracyof 90%.Doesthis makesense?

So,in cases of unbalanced data, we should use other metrics sudPrasision, Recall or F1 score
[ SOQ dzy RSNR UGl YR GKSY 2yS o6& 2ySX

Precisionfrom Confusionmatrix F‘fw‘-’m
A Precisionis the ratio of the total number of correctly
classified positiveexamplesand the total number of TP=12 | FN=06
predicted positive examples
A Precision= 0.843meansthat when our model predicts a E TN=21
patient has heart disease, it is correct around 84% of th

time.

Correctpositive predictions
Total positive predictions

Precision=

_ TP
TP+FI

Precisionwhere shouldwe useit?

The metricsPrecision is generally used for unbalanced datasets wtealing with the False
Positives become important, and the model needs to reduce the FPs as much as possible.

Precisionusecaseexample

A For example, take the case of predicting a goodlused on weather
conditions to launch satellite.

A [ S (n$dd@me aday with favorableweather condition isconsidered
Positive class and a day with ntavorable weather condition is
considered as Negative class.

A Missingout on predictinga good weather day is okay (low recall)
but predicting the bad weather day (Negative class) as a good weathe
day(Positive class) to launch the satellite can be disastrous.

A So,inthiscasethe FP:eedto bereducedasmuchaspossible.
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e e Why does bad weather delay rocket
Kchonce launches?

SpaceX Forced to Delay Italian Satellite Launch by 2 Days Due to Bad
Weather

ban Sanuie

Recallfrom Confusionmatrix
A Therecallisthe measureof our modelcorrectlyidentifying TruePositives

A Thus, for all the patients who actually have heart disease, recall tells us how many we correctly
identified as having a heart disease. RecalD.86 tells ushat out of the total patients who
have heart disease 86% have been correctly identified.

Correctpositivepredictions
Totalactualpositivevalues

RecalE

_ TP
TP+FI

Doyou know Recalis alsocalledasSensitivityor TruePositiveRate?

Recall:Wherewe shouldwe useit?
The metrics Recall is generally used for unbalanced dataset when dealing with the False
Negatives become important and the model needs to reduce the FNs as much as possible.

Recall useaseexample
For example, for acovibmdp LINBERAOGA2Yy Of |

detection of a covidl9 affected case as positive class and detection ¢
covid-19 nonaffected case as negative class.

A Imagine if a covid19 affected person (Positive) is falsely
predicted asnon-affected of Covidl9 (Negative), the person if
rely solely on the Al would not get any treatment and also ma
end up infecting many other persen

A Sq in this case,the FNsneedsto be reduced as much as
possible.

A Hence Precisiorisago-to metricsfor this kind of usecase.
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F1Score

A F1-Score provides a way to combine both precisions and recall into a single measure that
captures both properties

A Inthoseusecaseswherethe datasetisunbalancedandwe are unableto decidewhether FP is
more important or FN, we should use the F1 score as the suitable metric.

F1Score= 2 x Precisionx Recall

Precision+ Recal

Activity 4: Decidethe appropriate metric to evaluatethe Al model

Duration:30 minutes

Purpose: To work witlthe given scenarioand choose the most appropriate evaluation
metric to evaluate their model.

{Fe8Y Ga5AFFSNBYyld SgIt dzt

{ Yy YSUONRO
AYLRNIEFYOG GKFG 6S NBIFT A

) a |
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A
i

N
2

ScenariofFlaggingraudulent transactions
A Youhavedesignedamodelto detectanyfraudulenttransactionswith credit card.
Youaretestingyour modelwith highlyunbalanceddataset.

Whatisthe metricto be consideredn this cas&

> e D>

It is okay to classifya legit transaction as fraudulent T it can alwaysbe re-verified by
passing through additional checks.

Butit isdefinitely not okayto classifya fraudulenttransactionaslegit (falsenegative).

Soherefalsenegativesshouldbe reducedasmuchaspossible.
Hencein this case Recalis more important.

Forthe givendata, constructthe confusionmatrix.

> > > > >

Calculatehe recallfrom the confusionmatrix.
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Transaction ID Actual value Predicted Value
1 Non-Fraudulent Non-Fraudulent
2 Non-Fraudulent Fraudulent
3 Non-Fraudulent Non-Fraudulent
4 Fraudulent Non-Fraudulent
5 Fraudulent Fraudulent
6 Non-Fraudulent Non-Fraudulent
7 Fraudulent Non-Fraudulent
8 Non-Fraudulent Fraudulent
9 Non-Fraudulent Non-Fraudulent
10 Non-Fraudulent Non-Fraudulent

Predicted Values

Fill the matrix based on the table givabove.

Fraudulent Meon fraudulent

Fraudulent

Actual Values

Activity solution: Decidethe appropriate metric to evaluatethe Al model
Predicted Values

Jon-Fraudulent

Fraudulent Mean fraudulent
=
)
=)
=
g 2
g &
3
"
-
< -
u
p=]
E TN=05
&
|-
L=

Calculateghe recallfrom the confusionmatrix basedon.
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Write the formulafor recall:

Calculataecallfrom the formula:

Arethere anyethical concernsve needto keepin mind when performingmodelevaluation?

3.2Ethicalconcernsaround model evaluation

While evaluatingan Almodel, the following ethicalconcernseedto be keptin mind

Transparency Accountability

. Take responsibility for your
Honest explanation how the ) X
choice of metrics and

Ensure that the evaluation chosen evaluation metrics L
. , methodology of evaluation in
metrics chosen don’t result work and produce results
. . . ) . case any user faces a
in any kind of bias without keeping any

. ) . disadvantage because of
information hidden
your chosen methodology

Test Yourself

Choosdhe mostappropriateanswerfor eachquestion.

1. In a medical testor a rare disease, out of 1000 people tested, 50 actually have the disease while
950 do not. Thetest correctlyidentifies 40 out of the 50 peoplewith the diseaseas

positive, but it also wrongly identifies 30 of the healthy individualsasitive. What is theaccuracy
of the test?

A)97%
B)90%
C)85%
D)70%

2. Astudentsolved90out of 100questionscorrectlyin amultiple-choiceexam.Whatisthe error rate
of the student's answers?

A)10%
B)9%

C)8%gesshownherearethe property of individualorganisationsindare usedherefor referencepurposeonly.



D)11%

3. In aspam email detection system, out of 1@d0ails received, 300 are spam. The system correctly
identifies 240 spam emails as spam, but it also marks 60 legitimate emails as spam. What is the
precision of the system?

A)80%
B)70%
C)75%
D)90%

4. In a binary classification problem, a model predictan&ances as positive out of which 50 are
actually positive. What is the recall of the model?

A)50%
B)70%
C)80%
D)100%

5. In a sentiment analysis task, a model correctly predicts 120 positive sentiments out of 200 positive
instances. However, it alsncorrectly predicts 40 negative sentiments as positive. What is the F1
score of the model?

A)0.8

B)0.75
C)0.72
D)0.82

6. A medical diagnostic test is designed to detectertain disease. Out of 1000 people tested, 100
have the disease, and the test identifies 90 of them correctly. However, it also wrongly identifies 50
healthy people as having the disease. What is the precision of the test?

A)90%
B)80%
C)70%
D)60%

7. A teacher's marks prediction system predicts the marks of a student as 75, but the athunlkd
obtained by the student are 80. What is the absolute error in the prediction?

A)5

B)10
C)15
D)20
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8. Thegoalwhenevaluatingan Almodelisto:
A) Maximizeerror andminimizeaccuracy
B)Minimizeerror and maximizeaccuracy
C)Focussolelyon the numberof datapointsused
D) Prioritizethe complexityof the model

9. AhighF1lscoregenerallysuggests:
A)Asignificantimbalancebetweenprecisionandrecall
B) Agoodbalancebetweenprecisionandrecall
C)A modelthat only performswell on specifiadatapoints
D) Theneedfor moretrainingdata

10.Howisthe relationshipbetweenmodelperformanceandaccuracydescribed?
A) Inverselyproportional
B)Not related
C)Directlyproportional
D) Randomlyfluctuating

Reflection Time
Q1.Whatwill happenif youdeployan Almodelwithout evaluatingit with knowntest setdata? Q2.
Do you think evaluating an Al model is that essential in an Al project cycle?

Q3.Explairtrain-test split withanexample.

N hioth grierfaydAccuracyis crucialfor effectively evaluatingand improving Al
¢ WdzadAFTe GKAa adalrdisSySyiao

Q5.Whatis classificatioraccuracyTanit be usedall timesfor evaluatingAl models?

Assertionand reasoningbasedquestions:

Q1.AssertionAccuracys an evaluationmetric that allowsyouto measurethe total numberof predictions a
model gets right.

Reasoning: The accuracy of the model and performance of the model is directly proportional, and
hence better the performance of the model, the more accurate are the predictions.
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Choosehe correctoption:

(a)BothAand Rare trueandRisthe correctexplanationfor A

(b) Both A andRaretrue andRis not the correctexplanationfor A
(c)A isTruebut RisFalse

(d) Aisfalsebut Ris True

Q2. Assertion: The sum of the values inoafusion matrix's row represents the total number of
instances for a given actual class.

Reasoning: This enables the calculation of etpesific metrics such as precision and recahjch
are essential for evaluating a model's performance across different classes.

Choosehe correctoption:

(a)BothAand Rare trueandRisthe correctexplanationfor A

(b) Both A andRaretrue andRisnot the correctexplanationfor A

(c)A isTruebut Ris False

(d)Aisfalsebut Ris True

Casestudy-basedquestions:
Q1. Identifywhichmetric (Precisioror Recalljsto be usedin the following casesandwhy?
a) EmailSpamDetection
b) CanceDiagnosis
c) LegalCaseglnnocentuntil provenguilty)
d) FraudDetection
e) SafeContentFiltering(like KidsYouTube)

Q2. Examinethe following casestudies.Draw the confusionmatrix and calculatemetrics such as
accuracy, precision, recall, and-$dore for each one of them.

a. CaseStudyl:
A spamemaildetectionsystemisusedto classifyemailsaseither spam(1)or not spam(0). Out
of 1000 emails:
- TruePositive{TP)150emailswere correctlyclassifiecasspam.
- FalsePositive{FP)50emailswereincorrectlyclassifiedasspam.

- TrueNegativegTN):750emailswere correctlyclassifiecasnot spam.
- FalseNegativegFN):50emailswereincorrectlyclassifiedasnot spam.

b. CaseStudy?2:
A creditscoringmodelisusedto predictwhetheranapplicantislikelyto defaulton aloan
(1)or not (0).Outof 1000loanapplicants:
- TruePositiveg TP)90 applicantswvere correctlypredictedto defaultonthe loan.
- FalsePositivegFP)40applicantsvereincorrectlypredictedto defaulton the loan.

- TrueNegvative TN3:820aprpli_cantSNere correctlg/epredictednot to defaultonthe loan.
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- FalseNegatives(FN):50 applicantswere incorrectly predicted not to default on the loan.

Calculate metrics such as accuracy, precision, recall, asddré.

c. CaseStudya:
Afrauddetectionsystemis usedto identify fraudulenttransactiong1)from legitimateones
(0).Outof 1000transactions:
- TruePositiveg TP)80transactionsvere correctlyidentified asfraudulent.
- FalsePositivegFP)30transactionsvereincorrectlyidentified asfraudulent.
- TrueNegativeg TN):850transactionsvere correctlyidentified aslegitimate.

- False\egativegFN)40transactionsvereincorrectlyidentified aslegitimate.

d. CaseStudy4:
A medicaldiagnosissystemis usedto classifypatients as havinga certain disease(1) or not
having it (0). Out of 1000 patients:
- TruePositiveqTP)120patientswere correctlydiagnosedvith the disease.
- FalsePositivegFP) 20 patientswereincorrectlydiagnosedvith the disease.
- TrueNegativeg TN):800patientswere correctlydiagnosedasnot havingthe disease.

- False\egativegFN):60 patientswereincorrectlydiagnosedasnot havingthe disease.

e. CaseStudys:

Aninventorymanagemensystemisusedto predictwhetheraproductwill be out of stock
(1) or not (0)in the nextmonth. Out of 1000products:

- TruePositiveg TP):100productswere correctlypredictedto be out of stock.

- FalsePositivegFP) 50 productswere incorrectlypredictedto be out of stockTrueNegativegTN):800
productswere correctlypredictednot to be out of stock.

- TrueNegativegTN):800productswere correctlypredictednot to be out of stock.

- FalseNegativegFN):50productswereincorrectlypredictednot to be out of stock.
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UNIT4: Statistical Data

4.1:No-CodeAl for StatisticalData

LessorTitle: No-CodeAlfor StatisticaData Approach:Sessior+ Activity

Summary:Understanding the importance and need of lode Al for Statistical Data,
advantages, and disadvantages of usingQdale Al for Statistical Datagw to use Ne
Code Atoolsfor Statistical Data.

LearningObjectives:
Understandhe meaningof No-CodeAlandthe needof it.

Understandhe differencebetweenNo-Codeand LowCode.
Whatare someno-codetools usedfor the statisticaldataset?

How isthe Al projectcycledifferent for No-CodeAl?

LearningOutcomes:
DefineNo-Codeand LowCodeAl.
Identify the differencesbetweenCodeand No-CodeAl concerningStatisticalData.
RelateAl project stagedo the stagesof No-CodeAl projects.

Prerequisites:Basidknowledgeof Al projectcycle.

Key-concepts:
Nocodetoolsfor Al projects
Understanding different types of approaches like code, low code an@addte for
statisticaldata.
Identifying and recognizing various tools and platforms for low codeNam@ode
approaches
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Data science is a journey of exploration and discovertfiddal Intelligence is a technology which
completely depends on data, which is fed into the machine which makes it intelligent. And dependit
upon the typeof data wehave;Alcan beclassifiednto three broad domains: Datscience Computer
Vision andNatural languag@rocessing.

Data Sciences is a concept to unify statistics, data analysis, machine learning anckldted
methodsin order to understandand analyzeactual phenomenawith data. It employstechniques
andtheories drawn from many fields within the context of Mathematics, Statistics, Computer Scienc
and InformationScience.

Applicationsof DataScience:

Internet Search:All the search engines (including Google) make use of data science algorithms
deliver the best result for our searched query in the fraction of a second. Considering the fact the
Google processes more than 20 petabytes of data every day, had there been no data science, Goc
g 2 dzf hRayebegnthe WD 2 2vi knSvitoday.

Targeted Advertisingtf you thought Search would habeen

the biggest of all data sciencapplications, here is a
challengerg the entire digital marketing spectrum. Starting
from the displaybanners on various websites to the digita
billboards at the airportg almost all of them are decided b
using data science algorithms. This is the reason why dig
ads have been able to get a much higher CTR-T@alugh
Rate) than traditional advertisements. They can be targett
basedon adza Spddbb@haviour.

Website Recommendationd: NSy Qi ¢S Fff dzaSR (2 GKS Andzd®S A
Theynot only help usfind relevantproductsfrom billionsof productsavailablewith thembut alsoadd

alot to the user experience. A latf companieshavefervidly usedthis engineto

LINEY20S GKSANI LINPRdAzOG& Ay | OO2NRIYyOS gAGK 0
giants like Amazon, Twitter, Google Play, Netflix, LinkedIn, IMDB and many more use this sys
improvethe userexperience. Theecommendationgre madebasedon previoussearchresultsfor auser.
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Genetics& Genomics:

Data Science applications also enable an advanced |
of treatment personalization through research i
genetics and genomics. Data science techniques a
integration of different kinds of data with genomic dat
in disease research, which provides a deej
understandingof geneticissuesn reactionsto particular
drugs and diseases. As soon as we acqreti@ble JFEEISEES
personal genome data, we will achieve a / %

understandingof humanDNA. Thedvancedjeneticrisk AN
prediction will be a major step towards moiedividual i
care.

Activity: Word Scramblethe termsrelatedto Alapplications.
PurposeRecalbf Alterms
VANAGTOIMPP

UALTIRBSISATANT

AGEGUALANONSLATRAN

Introduction to Low/No-CodeAl approachfor StatisticalData

[ S 8a@y@u wantto build aproduct,food deliveryapplication.Howdo you goaboutstartingit?

Buildinga food delivery applicationinvolvesseveralsteps,from conceptualizatiorto development,
testing,anddeployment.The3 mostpopularapproacheso codeare given below.
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Custom
Coding

<> EEE"==

Customcodeis alsoknown ashigh code.

Howdo wechooseVhichof these3 isthe mostsuitablefor our app?

High code No code

High code development refe No code development takegd
to traditional software low code principlegurther by

development wher allowing users to create
programmers  write  cod applications  without any
manually using programmin codingor scriptingknowledge.

languagedike JavaPython,C#,

etc.

A team of software coders
need to writeall the code
manually.

Coding knowledge is not
required;henceanyonecan
make theproduct.

It is less expensive compared
low code

It isexpensive

The company can own th
product they create. You ca
create anything and customis
your product in anyvay.

Lack of customisable options
No-Code Al tools are limited t
functionsin the tool.

Simple to use as it uses drag
and-drop features instead of
coding.

Nowthat we haveseenthe differences,
whichapproachdo youthink isthe most suitableone for our FoodDeliveryapp?Discuss!

eferencepurposeonty.



Canyouthink of aninventionthat hasmadelife easierin termsof savingtime/cost for you?

Some inventions that have made life todegsieraresmartphones, credit cards, internet, onlisteeaming
services, Refrigeratioiechnology,GPS$havigation,medicalinnovationsetc.

Similarto thoseinventionsf S ibd& @ how No-CodeAl makesour liveseasier!

More codeto testout differentl £ 3 2 NJRHK Y & - G
more codeto pickthe bestl £ 32 NA K'Y X '

Enu. ¢ K | dioRai code,right?
e iy oo~ PRSNUR YR GKIF{iQa &K@
ey T ' Code Al

o
No-Code "
In No-CodeAl, we can draganddrop, these :] W
models infew seconds. o
No coding knowledge is required to implement " * ;
complexML algorithms A ode e
- 3 M _—
Drag and drop feature of a NGode toolmakes ’ 34 A
it easier. o il -
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Whydo we needNo-CodeAl?

We tend to run into many types of errors when we are coding, and it can be very

troublesome atimes.

In No-CodeAl sincewe do notneedto code, we g 2 yh@v@anycodeerrors!

No-Code Al helps teave cost for businesses as it is costly to implement completely

codedAl systems.

CompaniesanimplementAlwith lessstressandwithout the needto hire an Al staff

with No-Code Al.

No-Code Al is easy to ugeeven middle school students caneate Al using NG@ode

tools

Since it has visual & draand-drop features, anyone can see what they are building in

reaktime

Who canuseNo-CodeAl?

No-CodeAl makesAlmore accessibleo the general public.

Nontechnicalpeoplesuchasdoctors,architects musicians
may quicklyconstructaccurateAl modelswith no codinginvolved.

[ S fbekat ascenarioto understandwho canuse No-Code Al

No-CodeAlmakesAlmore accessible the general public.

Nontechnicalpeoplesuchasdoctors,architects musicians
may quicklyconstructaccurateAl modelswith no codinginvolved.

Thus NeCode Alcan empower individuals and organizations across various industries and ski
levels toharnesghe potentialof artificialintelligencefor their specificneeds.

[ S foékat ascenarioto understandwho canuse NeCodeAl.

Problem: Yl &t Aa | @gAf RS

manager at the zoo. She takes care of the cost
buying meat and vegetables fanimals. With the

prices of food increasing rapidly, it will becom
more expensive for the zoo to buy healthy an
nutritious foods for its animals. Therefore, the
12204 I 002dzyia GSILY 41
the price of food so that they can ask the
government or sponsors to fund for the food. Thu:
Kayla requires the helpf Al to predictthe price.
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However Kayladoes notknowhowto codeto build anAlmodelasshehasnot learnt Albefore.

Solution:
Shefindsa No-CodeAltool onlinethat canhelp her build anAlmodelto predictthe pricesof meatand
vegetablesvithout any code!

Kayla can also use any popular8ode Tool like Orange Data Mining to build a price predictiodel.

We will look at howto build a simple price prediction model in a short while. From skesnario you
can infer that: You do not need to know coding to build an Al maddlanyone camake useof No-

CodeAlto buildan Al model.

Benefitsof No-CodeTools

. . "y
Innovation - 04 01 - Accessibility
Since business users can now budd No-Code empowers non-technical makers
solutions for their unique problems to create websites, apps and also employ
themsefves, it creates a culture of machine learning to solve business

innovation. problems without programming.

Ease of use - 03

It includes drag-and-drop features that
enable one to create an application with
pase without any coding knowledge.

traditional development.

The speed at which no-code platforms
enable you to build bespoke business
solutions is significantly faster than

Nowthat we havediscussedhe advantage®f No-Codetools, let usdiscusshe disadvantagesi 2 2 X
Disadvantages of N@€ode Tools

Lackof Flexibility

Dragand-drop elements can be very convenient. On the other hand, you are limited to those fixed
elements. Hence, you have a limitation in customizing your application-gode platforms, and it
doesnot giveyou all the authority and flexibility youmight need.
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Automation Bias

Automation bias is the tendency for humans to favor suggestions from autonekteidionrmaking
systemsandto ignorecontradictoryinformation madewithout automation,evenif it iscorrect.

Securitylssues

No codeplatformsdo not essentiallyforce you to think of securityfirst or evenevaluatesecuritybest

practices.¢ K SNBX F2 NB X

GKSaS | LIWLX AOFGA2YyaA

sensitivedata, agheseplatformsusuallyoffer limited control overit.

Popular NeCode Tools

FNB 2yfe

Hereare someof the top No-CodeAltoolswherewe canbuild our Almodels in.

No-Codetool Details Released

AzureMachineLearning Cloudbasedserviceprovidedby Microsoft July2014

GoogleCloud AutoML Cloudbasedserviceprovidedby Google January
2018

OrangeDataMining

An opensource datavisualization, machine
learning and data mining toolkit.
DeveloperUniversityof Ljubljana

October 1996

Lobe Al

LobeAlisamachine learninglatform that
enables to create custom machine learning
modelsusinga visuainterface

2015

TeachabléMachine

TeachableMachine is a web-based tool that
makescreating machinelearningmodelsfast,

easy,and accessiblgo everyone.

November
2017

AzureMachineLearning

a A ONZE AzgraviacHideLearningaimsto simplify

ML processes.

It allows users to build ML models without

havingto touchany code,

andprovides an easy interface for cleaning
up your data, training models, evaluating
them and, finally, putting them into

production.
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https://www.google.com/search?sca_esv=835ba0ee2498b9ce&sxsrf=ACQVn08M7mjYgNUOoBFjzh8Hrg4IxhB6pA%3A1712819497386&q=University%2Bof%2BLjubljana&si=AKbGX_oBDfquzodaRrfbb9img4kPQ4fCBZjeqAiaW1svvC8uXuOeRqL0bnpEkqzT4DItcRqc_UTIJMvXIB9IKlq3IhOUb5lOaZZ0Kt0BToKNPKTd3oCJwNaooKxfwH6zt4fiNFMQPnTf5eRbIZlbP7d2EiwrqUKET_4q82izOC-Be_XXSx7Iy73wbH8kyYPMFu_ihGIGMkqX3o7Ow2PbhET9yqeajYpFfQ%3D%3D&sa=X&ved=2ahUKEwiM19LtzbmFAxV3lK8BHdRiCJUQmxMoAXoECFgQAw&biw=1280&bih=551&dpr=1.5

Google Cloud AutoML

Users with limited ML knowledge
can train highquality models
specific to their business needs witr
minimaleffort.

They can build their own custom
machine learning model in minutes
and then use the models in their
applicationsandweb sites.

Clickon IntroducingCloudAutoML
to watcha videoon it.

Orange Data Mining

Orangeenablesyouto visualizedata
and perform data mining and
machinelearning.

You can use this tool without
writing a singlecode.

This platform can be used for
analysis, is relatively easy, and has
beautifulvisuals.

Cloud AutoML Vision
on on
D 2= o
T Deploy Setve
B B v
e =
e v ‘5 Oneiy
Ye -— > 5 Aewws ‘A:._ = '.~'3"
e “eeser ol _ N A gy Y
oh e \ R W
'/ > ? Py -‘b =T '3
o~ ! b
)} & U
‘ Cagian becwet Come g
I e
DA T /2 1
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https://www.youtube.com/watch?v=GbLQE2C181U

Now, let usgetbackto buildinga simplepredictionmodelusingOrangeDataMiningfor Kayla!

FAO food price index

Meat ?

2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020
2021

2021

2022

Food Price
Index '

65.6
67.4
726
94.3
175
N7
106.7
1319
1228
120.1
115.0
93.0
9.9
98.0
95.9
95.1
98.1
125.7

September 129.2
October 133.2
November 135.3
December 133.7

January 135.6
February 1412
March 159.7
Apnl 158.4
May 158.1
June 154.7
July 140.6
August 13719

September 136.3

67.6
7.8
70.5
76.9
90.2
812
91.0
105.3
105.0
106.2
1122
9.7
91.0
97.7
949
100.0
95.5
107.7

1127
120
1125
110
1121
1139
119.3
1219
1229
125.9
1241
1220
1214

Dairy *

69.8
1.2
731
1224
1323
914
119
1299
1.7
140.9
130.2
87.1
82.6
108.0
107.3
102.8
101.8
119.1

118.1
1215
126.0
129.0
1326
1415
145.8
146.7
1442
150.2
1465
1434
1425

Cereals *

64.0
60.8
.2
100.9
1316
97.2
107.5
1422
1374
1291
1158
9.9
88.3
91.0
100.8
96.6
103.1
1312

1328
1371
1414
1405
1406
1453
1701
168.7
1735
166.3
1473
1456
14738

Vegetables
Oils *

69.6
64.4
70.5
107.3
1411
944
122.0
136.5
1383
119.5
110.6
89.9
99.4
101.9
87.8
83.2
9.4
164.9

168.6
184.8
1846
1785
185.9
2017
2518
2315
2292
2118
168.8
163.3
1526

Suga

443
612
914
624
792
1122
1317
160.9
1333
1095
105.2
832
1116
991
774
786
795
109.3

1212
1191
120.2
1164
1127
1105
1179
1215
1204
17.3
112.8
1105
109.7

https://www.fao.org/worldfoodsituation/foodpricesindex/en/

'S

Purpose: To build an Al model
to predict price using Orange
DataminingAl tool

Steps for building a simple
pricepredictionmodel:
Step 1:Download the
datasefrom
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https://www.fao.org/worldfoodsituation/foodpricesindex/en/

Step2: OpenOrangeDataMining
DoubleClickon Orangelcon
Openthe tool

Step3: Uploadthe Dataset

Canvas Area

|

== bt

¢ A I -

Hoa -5

g-.g m\.-

@¢ 2 -
Widgets

Clickon the Filewidgetunder DataMenu
Filewidgetwill appearon the canvas
Clickon itandbrowseto the folder to uploadthe dataset

Selectthe target variableasFoodPricelndex,aswe aretrying to predictthe price

index.
b
) File - Orange - o x
| e
( D g i © File:  Food_price_index_fao.xis & Reload
VIR s soLTabe O uRw:
File Type
M E D
CataTabe  PuetDss  Dmaine  Rank
v &
faseman e Columns (Double click to edit)
Transform Name Type Role Values
|22 | visuaize 1 Date B datetime feature !
B3| mode 2 Food Price Index [ numeric target
755 | Evauate
2 | Unsupervised 3 Meat [ numeric feature
[E=] | 1mage Analytics 4 Dairy [ numeric feature
5 Cereals M numeri feature
6o moo
Reset
Browse documentation datosets
? B |G a9

Step4: Viewthe Dataset

ConnecfFileto DataTable

Clickon the DataTablewidgetunderDataMenu
DataTablewidgetwill appearonthe canvas
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Clickon DataTableto viewthe datasetusingthe tool.
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Step5: Selecthe Modelfor Prediction
Clickonthe LinearRegressionvidgetunderModel Menu
LinearRegressionvidgetwill appearon the canvas
ConnectFileto LinearRegression
LinearRegressiois an algorithmusedfor RegressioModel

& Untitled * - Orange
File Edit View Widget Options Help

& Dats Table
.-
/-d o T D
Catrarms o oo ’
\

o :
v \
Pometrgy .
A Lnear Regremson
.

~ Y e
Nebnort  Gradart O e
O Lowd Mode

Step6: Evaluatethe Model
Clickon the Test andScorewidgetunder EvaluateMenu
Testand Scorewidgetwill appearon the canvas
ConnectrileandLinearRegressiomo Testand Scoreto checkthe performance
parameters.
Clickon Testand Scoreto viewthe parameters.
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Step7: Model Prediction
Clickon thePredictionwidgetunderEvaluateMenu
Predictionwidgetwill appearon the canvas

Connect the Test and Score to tReadiction to check the prediction made by
LogisticRegressiomModel.
Clickon Predictiorto viewthe price prediction.

Kayla could use such a model to make the price prediction for animal feed and make a systematic
fund-raisingplanfor the Zoo.
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Other No code Al tools

Lobe

wey

e Pty

P P P I |

TeachableMachine

Teachable Machine

Train a computer to recognize your
own images, sounds, & poses.

Alist sany wty 13 ede machee g modet b
your shes, 1906, M MO - ne expertse o cadng
g

T B

Test Yourself

-~ RGEE
s

e 070 Bl BT

MachineLearninghasbeen madesasyusingLobe.

It has everything that you need to bring your machiearning
ideasto life.

Lobehelpsyou,train modelswith afree andeasyto-usetool.

It automatically trains a custom machkub@arning model that
can beshippedin your app.

Teachable Machine is a wdiased tool that
makes creating machine learning models fast, easy and
accessible teveryone.

It can be used to train a computer to recognize
your ownimages soundsand poses.

No specific expertise or coding is required to use
thistool.

1. Orangedataminingis an exampleof

a) Customcoding

b) Lowcode

c)No code

d) Noneof these.

2.SelectWhichisnot the feature of No codeapproach.

a)visual c)code free

b) Highlyexpensive d)drag anddrop

3. assemblyrelies ondeveloperdo write anddeploycode.
a)Highcode c)No code

b) Lowcode d) None of these

c) 4.Flexibilityis often limited in
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a)Highcode c)No code

b) Highcodeand Lowcode d) Highcode andNo code.

5. Theorganisations heavilydependenton developemresourcesThisstatementistrue for

a) Highcodeapproach c)No codeapproach

b) Lowcodeapproach d) All of the above.

Answerthe following briefly:

a bR

Nameanytwo-cloudbasedNo-code Alkools?

Howaccessiblare no-codeAltoolsfor non-technicalusers?
Whattypesof taskscanbe accomplished wittno-codeAltools?
Canno-codeAltools be usedfor advancedorojects?Justify.
Dono-codeAltoolsrequire prior programmingknowledge2Justify.

Answerthe following in detail:

HwnNPE

Whatarethe benefitsof usingNo-code Altools?

Whatarethe challenge$aced inusingthe No-code Akools?

Differentiatelow codeandNo-codeAltools with examples.

As the CEO of a smaitemmerce startup, you're eager to leverage artificial intelligetace
enhance youmlatform's user experience and drive sales. However, your team lacks the
technical expertise to develop and deploy-pdwered solutions. What would be your
recommendationgor the CEO?

Samarth attended a seminar on Artificial Intelligence and has now been asked to vejiera

on his learnings from the seminar. Being a #technical person, he understood théte Al
enabled machine uses data of different formats in many of the daily based applidaiions
failed to sync it with the right terminologies and express the details. Help Samarth define
Artificial Intelligence Jist the three domainsof Alandthe datathat is usedin these domains.

ReflectionTime:

1.Wouldyoulike to explorethe tools specifiechereto build No-CodeAl projects?How?

2.Areyouawareof anyother tools or platformsusedfor low codeor No-CodeAl Projects@ist them.
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4.2 StatisticalData: UseCaséNalkthrough

LessorTitle: StatisticaData:UseCaséNalkthrough

Approach:Session Activity
Summary: htroduction to a Necode Al tool for Statistical Data (Orange Data mining t
throughsomepracticalusecasesMappingAlProjectcyclewith usecasesandperformdata
exploration,modellingand evaluation withOrange data mining.

LearningObjectives:
Understandwhat is OrangeDataMining?Whatare its features?

Toperform DataAcquisition DataExploration and Modellingon a No-Codetool.
How to mapthe Alprojectcycle todevelopan Alsolutionwith a No-Codetool.

Buildthe Al projectusingno codetool OrangeDataMining.

LearningOutcomes:
Learnemwill be ableto useno-codetool OrangeDatamining.

Learnemwill be ableto map AlProject cycle witlusecases.

Learnerwill be ableto perform dataexploration,modellingand evaluationwith
Orange datanining.

Prerequisites:Basidknowledgeof Al projectcycle.

Key-concepts:
OrangeDataMiningis a machinelearningtool for dataanalysisvherewe can
perform operationghrough simpledragand-drop steps.
A sampleof the entire populationistakento perform computations.
Descriptive statisticg Mean, Median, Mode; help us to describe the data and it
underlyingcharacteristics.
Distributionsdisplaythe frequencyof each valughat appearsin a dataset.
Probabilityisthe likelihood ofaneventoccurring.
Variancemeasures howar eachvaluein the datasetisfrom the mean.
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Beforewe start with Orangedatamining,f S disRussomeimportant conceptsof StatisticalAnalysis

Important conceptsin statistics
Statisticalsampling

The entire set of raw data that you may
have available for a test or experiment is
knownas thepopulation.

Population

Sampling
You cannot necessarily measure the
patterns and trends across the entire

population.

Take a sample, or portion of the
population,performsomecomputations.

Data under investigation
(very large, difficult to use)

Descriptivestatistics

Goals scored over the last 5 games:
Helps us to describe the data and

enables us to understand the underlying H“Huu
9

characteristics.

Meant the central value, commonly MEAN - 4

called theaverage.
® MODE-4
Mediant the middle value if we ordered

the data from low to high and divided it MEDIAN- 5
exactly inhalf.

Mode ¢ the valuewhichoccursmost often.

Distributions

Mode
Median
Made Mean Mode

Median/ \ Median

Mean

7

Mean

Left skew Normal Distribution Right skew
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Theseare chartor graphsthat displaythe frequencyof eachvaluethat appearsn a dataset.

Some distributions contain some numbers much larger than others, causing the distributions
to becomeskewed.

Normal distributiong A distribution that is symmetrical in shape with most values around the
centralpeak.

Probability
In simpleterms,isthe likelihoodof aneventoccurring
Aneventisthe outcomeof anexperiment.
Eventscanbe either independentor dependent.
Variance

Variance measures how far each |

value in the data set is from the ° -

mean (a measurement of the (\\@0
spreadof numbersin adataset)

Standard deviatiom a calculation h L& e
that gives a value to represent = _' -
how widely distributed the values NE® 8

are. T ol

Outlier ¢ A data point that lies at e
an abnormal distance from other s Mean
values. L‘vv

Activity: Mindmapmaking

PurposeReinforcethe needof Descriptivestatistics

Say:Useanymind maptool offline/onlineto Craft amind mapin detailing the various
contexts where mean, mode, and median are applieceal life.
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MSExcelfor StatisticalData

Activity: Excelfor StatisticalAnalysis

Purpose: Touse Excelool for Simplelinearregressiorof carsspeedanddistance

Say: Downloadthe template and follow the instructions

Activity template-MS Exceffor StatisticalAnalysis: https://bit.ly/43S1g6K

LongLink: https://docs.google.com/spreadsheets/d/1f5G
JXyP7EV2fylhax47YVaH5gyq8KZy/edit?usp=drive_link&ouid=109928090180926267402&rtp&kdru
=true

Guidelinesto Activity:
Usethe Activitytemplate Linkto accesghe file:
Stepl: Getthe Addin

Goto File

Clickon Options
Clickon Add-ins

Clickon Analysig oolPakunderInactiveApplication Adeins
In the bottom, you will find Manage> SelectExcelAddins-> Clickon Go
ClickOk
Addin pop-up window will appear
Checlon Analysig oolPak(Putatick)
Clickon Ok

Onceall the stepshavebeenperformedsuccessfullythe DataAnalysioption will appear
insideDataMenu

Step2: Viewthe SpeedvsDistanceDataavailablein the excel sheet

Identify the Independentand DependentFeatures; XandY

Step3: Visualizeéhe DatausingScatterPlot

Selectboth columns SpeedandDistance
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https://bit.ly/43SIq6K
https://docs.google.com/spreadsheets/d/1f5G-JXyP7EV2fy1hax47YVaH5gyq8KZy/edit?usp=drive_link&ouid=109928090180926267402&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1f5G-JXyP7EV2fy1hax47YVaH5gyq8KZy/edit?usp=drive_link&ouid=109928090180926267402&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1f5G-JXyP7EV2fy1hax47YVaH5gyq8KZy/edit?usp=drive_link&ouid=109928090180926267402&rtpof=true&sd=true

Goto Insert-> Charts> Scatter
ScatterPlotwill appear
Goto ChartElements> EditChartTitle -> DistanceVersusSpeed
Step4: Plotthe Regressiotine
Clickon the ScatterPlot
Clickon ChartDesign
AddChartElement
Goto Trendline
Clickon More TrendlineOptions
Clickon Linear
Putatickon
DisplayEquationon chart
DisplayR-squaredvalueon chart
Stepb5: Verifythe LinearRegressiomrquationcoefficients
Clickon Data
Clickon DataAnalysis

DataAnalysisoption window will pop-up
ChooseRregression

Clickon Ok

Regressionvindow will appear
Select Y Range Select the Distance column data along with colmameDistance
Select X Range Select the Speed column data along with colname Speed

Put a tick on the check box for Labels as we have selected the odduasiongwith
columnnames

Selectoutput range and click on any cell where you want the outpiietdisplayed
Summaryoutput for regressiorstatisticswill appearon the sheet
Step6: Findthe distanceusingthe generatedinearequationaspery =mx+c

For the value of Speed(X) =\Bhat will be the distance covered by thehicle?

* Imagesshownherearethe property of individualorganisationsndare usedherefor referencepurposeonly.



OrangeDataMining
Whatis OrangeData Mining (ODM)?

A machine learning tool for »
data analysis through Python : : " - -
and visuaprogramming E —

We can perform operations m-- N r?
on data through simple
drag anddrop steps.

Orange enables you to visualize data and perform
datamining andmachinelearning.

Youcanusethis tool without writing a singlecode.

Thisplatform canbe used foranalysisjsrelativelyeasy,and hasbeautiful visuals.

OrangeData Mining:

Orange is an opesource data mining and machine learning software suite designed foatalgsis,
visualizationandexploration.It offersagraphicauserinterface(GUI)that allowsuserstointeractively
build dataanalysisvorkflowsusingvariouscomponentscalledwidgets.Eachwidget

serves a specific purpose in the data analysis process. Here's a brief description of some commonl
usedOrangedata miningwidgets.

Data Loading Widgetsthese widgets help you bring your data i@ocange from files or online
sources.

File:Allowsyouto loaddatafrom filesin variousformatssuchasCSVExceland SQLURL.:
Loadsdatafrom a URL.
DataTable:Displaydoadeddatain atabularformat.

DataExploration WidgetsThese widgetsllow you to look at your data in different ways, like scatter
plots or histograms, to see patterns or trends.
Scatter Plot: Visualizes the relationship between two variables in the data.

Data Table: Allows for manual inspection and exploration of data.

Distributions: Displays histograms and other statistical distributions of variables

Preprocessing Widget3.hese widgets help you clean up your data, like filling in missing values or ms
sure all your data is on the same scale.

Impute: Handles missing values in the dataset. Normalize: Normalizes the data to a common scale
Select Columns: Allows you to select specific columns from the dataset.

* Imagesshownherearethe property of individualorganisationsndare usedherefor referencepurposeonly.



Feature SelectionwWidgets: These widgets help you choose which parts of your data are most
important foryour analysis.

Select Columns: Allows you to choose relevant columns/features from the dataset.

Select Best Features: Automatically selects the best features based on certain criteria like mutual
information or correlation.

Modelling Widgets: These widgets build models from your data, like decision trees or
clustering algorithms, to help you understand it better.

Classification Tree: Constructs a decision tree classifier.
k-Means: Performs-kneans clustering on the data.
Support Vector Machinéfrains a support vector machine classifier.

Logistic Regression: Constructs a logistic regression model.

Evaluation WidgetsThese widgets help you see how well your models are performing, so you can r
adjustments if needed.

Test & Score: Evaluates the performance of a predictive model on a test dataset.
Cross Validation: Performs cresslidation to assess model performance.

ROC Curve: Plots the receiver operating characteristic curve for binary classifiers.

Visualization WidgetsThese widgetéelp you turn your data into visual representations, like charts
graphs, to make it easier to understand.

Bar Chart: Displays data in a bar chart format.
Heat Map: Visualizes data using a heatmap.

Scatter Plot: Visualizes the relationship between two variables.

These are just a few examples of the wide range of widgets available in Orange. Users can comt
these widgets to create custom workflows for tasks such as data preprocessing, modelling, evaluati
and visualization, making it a powerful tool for dataaéssis and mining tasks.

* Imagesshownherearethe property of individualorganisationsndare usedherefor referencepurposeonly.



Getting started with Orange Data Mining

* Open the software, and this
is what you will see!

When you open Orange you will see a welcome screen. We can start a new project here or opel
project that has already been made. We can explore.

Exploring the Canvas

Right click on the
canvas to get this
prompt

* Imagesshownherearethe property of individualorganisationsndare usedherefor referencepurposeonly.



oy lank Canvas
Widgets Blank Canva

B v é

Orangecomeswith alot of widgetsto work with.
Filewidget, letsusloadafile into our Workspace/canvas.

Exploring the Canvas

Data ;
Data
Acqulsiion Data Widgets DD 3 E
These widgets help perform different operations on data Bl
v,
30 s
Examples: batbe fwitw Omvk  tek
y @ ha
T -l
D File Widget: To read data from an input file i ob 0 e
Transform
CSV File Import Widget: To read data from an input file E o
" m
ﬁ Evaluxe
@ Datasets Widget: To load a dataset from an online repository & vspesd

Bj Data Info Widget: To display information on a selected dataset

* Imagesshownherearethe property of individualorganisationsndare usedherefor referencepurposeonly.



DataTablewidget, lets usobservewhat the datain the file lookslike.[ S @r&yghesetwo into our

blankcanvaqcanalsobe doneby clickingthe widget)

Exploring the Canvas

Data
Exploration

Transform Widgets

These widgets help perform different operations on data

Examples:

Data Sampler Widget: To create a subset of data paints

Select Columns Widget: To manually select data attributes

Impute Widget: To replace unknown values in the data

P BEal

Discretize Widget: To discretize continuous attributes

Exploring the Canvas

Data

Exploration Visualize Widgets

These widgets help us visualize the data in different ways

For Example:

;2 Tree Viewer Widget: A visualization of classification and regression

trees

Q ; Box Plot Widget: shows the distributions of attribute values

u Bar Plot Widget: Visualizes comparisons among categories

7 T -
E;?IEZI§W]

i | B
i@

¥
d

IR

"
)

[
|

HE

A Scatter Plot Widget: The data is displayed as a collection of points

g

Pfugonan  CHE R
Fame Wil

B2 wase
jﬁ Evaluate
- JT—

* Imagesshownherearethe property of individualorganisationsndare usedherefor referencepurposeonly.




Exploring the Canvas B e

1 v
= vos
' o ‘i
Modeling Model Widgets > "
These widgets help apply various models to the input data and use in our PN &
projects 23
For Example: [
Moes  Apanes
Tree Widget: A simple algorithm that splits the data into nodes J
h . il
by class purity s
i Rand‘om forest Widgc.et: An ensemble learning method used for @ @
@ classification, regression, and other tasks
.'.'- Linear Regression Widget: A linear regression algorithm B eane
8 | vsuperve
r Logistic Regression Widget: The logistic regression classification

algorithm

Exploring the Canvas EE’ -

!1 Vel
B s
. : ‘ ﬁ Evalate
Modeling Unsupervised Widgets ¥ wageneed
These widgets help us apply unsupervised learning models to our data @ ﬂ

and visualize it

i
& i

For Example:

o O
ﬁ Distance Matrix Widget: Visualizes distance measures in a u 6
distance matrix omow i
- §§s .:-"_:::.
E§E t-SNE Widget: Two-dimensional data projection with t-SNE "
ey
o Widget: e - W [O
. 8 Correlations Widget: Compute all pairwise attribute correlations -
s Seve Datee

-..;::, k-Means Widget: Groups items using the k-Means clustering
. algorithm



Exploring the Canvas

Evaluation Evaluate Widgets

These widgets help us evaluate the models we have used in our project

For Example:

Test and Score Widget: Tests learning algorithms on data

'
Q Predictions Widget: Shows models' predictions on the data

2= Confusion Matrix Widget: Shows proportions between the
predicted and actual class

[ ROC Analysis Widget: Plots a true positive rate against a false
£ positive rate of a test

Recallthe Al ProjectCycle

Problem Data
Scoping Exploration

P

Data

i Deployment
Acquisition Modeling )



[ S iimerstandhow we canapplythe Al ProjectCyclein OrangeDataMining.

Data Data
Acquisition Exploration

Data
Exploration

Step 2: Clean Missing Data

LAlE Step 1: Upload Data :
Acquisiion b P o Step 3: Select Columns
Exploration

Steps in Data Acquisition

Step 4: Data Sampler Data

Exploration

Steps in Data Exploration



Modeling —

Fvaluation Step 6: Evaluate Model

Modeling Step 5: Train Model

Step 7 Predictions Fvaluation

Steps in Modeling

Steps in Evaluation

Thus all the stagesof Al projectcyclecanbe mappedin Orange dataminingtool.

CASETUDY

PalmerPenguinsPalmerPenguins are a species of penguin found in the Antarctic Peninsula region
Studies about penguins, including Palmer Penguins, often focus on their behaviour, habita
population dynamics, and the effects of climate change on their ecosystems. Palmer Pelagases
canbe accessedrom https://www.kaggle.com/code/parulpandey/penquin_-dataset-the-new-iris/data



https://www.kaggle.com/code/parulpandey/penguin-dataset-the-new-iris/data

Palmer Penguins Model Index

e Problem Scoping

s Data Acquisition ( Step 1 Upload Dataset)

e Data Exploration ( Step 2 Clean missing data)

e Data Exploration ( Step 3 Select Target Label)

e Data Exploration ( Step 4 Data Sampler)

e Modelling (Step 5 Train Model)

Evaluation ( Step 6 Evaluate model)

ey [rediction ( Step 7 Predictions)

The above image shows the index of this case study.
Scan the QR code for all files of PALIRERGUINS.

Short link: https://bit.ly/4atiICN7

Long Linkhttps:/drive.google.com/drive/folders/1fmcRVb-ilTyUhmUv4DWT1BFsaCoQ2BmF?usp=drive link



https://drive.google.com/drive/folders/1fmcRVb-ilTyUhmUv4DWT1BFsaCoQ2BmF?usp=drive_link

The Palmer Penguins

Antarctica
from the remote
continent of

Researchers from this
Institute have data
on at

the

e et Pt e G S S A e UM e o 4§ i i s e Bin® ki 8 S e b S s o dahe i AT (bt W ALl LME St e

The Palmer Penguins

* The data set is called Palmer
Archipel (2 ical .
dataset

= |t consists of information on various
features of three penguin species

Problemscoping

| Research community

has a problem that | it is difficult to identify the species of some Paimer | What

| Penguins

when / while | collecting data from the remote continent of

| Antarctica

An ideal solution would | predict the species of Palmer Penguins from the Why

collected data

The researchers want to predict the species of Palmer Penguins based on the
collected dataCanyouhelpthem? How?

Letuslook at the dataset!
Lookout for anydifferencesin the physicalfeaturesof the penguins!



Island featurs

The three species of penguins

Species feature

Island feAarture
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Culmen length and depth features Flipper Length and Body Mass feature
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Culmen length and depth features

® Culmen Length = length of the bill

B8ill dopth
’

= Culmen Depth = depth of the bill

Flipper Length and Body Mass feature

* Flipper Length is the length of the flippers of a |
penguin
- Flipper

= Body Mass is the weight of the penguin (

* |n picture: Gentoo penguin flippers are the
shortest in comparison to Adelie and Chinstrap ‘

[ S te&rhanAlmodelto predictthe penguinspeciesn OrangeDataMining now!

Basedonfeatureslike their sizeshow longtheir beaksare,andthe colorsof their feathers.Now, youwant
to figure out which species of penguin is which. ODM is a smart tool that can analyzepalhthendata
you collectedandlearnto recognize patterns.

The link for steps creating the Al modain be accessed in the file

Orange datenining.pdf

Reflection

Arethere anylimitations of usingNo-CodeAltools?Share your thoughtwith the class?



Test Yourself

1.Whattype of tool isOrange?

a) Opensource b) Closedsource

c) Paid software d) Hardware

2. Whichof the followingtaskscanbe performedusingOrange?
a) Classification b) Regression

c) Clustering d) All of the above

3. Whattype of datacanbeimportedinto Orange?

a)CSsVv b) Excel

c) SQldatabases d) All of the above

4. Whatdoesthe DataTablewidgetin Orangeprimarilyfacilitate?

a) Loadingandviewingdatasets b) Performingclusteringanalysis

¢) Runningmachinelearningalgorithms d) Evaluating

5. Which component in Orange enables users to evaluate the performance of machine learning

models?
a)Test & Score b) DataTable
c) DataProjection d) Data Exploration

Reflection Time:

DefineNo-Codeand LowCodeAl.

» wbhE

operationsthrough simpledrag-and-drop steps.

Identify the differencesbetweenCodeand No-CodeAl concerningStatisticaData.
RelateAl project stagedo the stagesof No-CodeAl projects.

Orange Data Mining is a machine learning tool for data analysis where we can perform

5. Descriptive statisticg Mean, Median, Mode; help us to describe the data and its underlying

characteristics.

6. No code tools for Al projects.
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Unit 5: ComputerVision

Title: ComputerVision \ Approach:Practicalmplementation

Summary: Computer Vision is a branch of artificial intelligence that enables machir
interpret andunderstandvisualinformationfrom the realworld. Thisunit providesanin-depth
exploration of various methodologies, and applications in computer vision, equipping st
with the skills necessanp analyzeand process visual data.

Objectives:

1. Tointroducestudentsto the basic principles antéchniquesof computervision.

2. Tofamiliarizestudents withcommon algorithmsndtools usedn image
processingand analysis.

3. To enable students to apply computer vision techniquesiige reaiworld
problems.

4. Tofostercritical thinkingand problemsolvingskills inthe domainof computer
vision.

LearningOutcomes:
1. Understandhe fundamentalconceptsandtheoriesunderlyingcomputer vision.
2. Implement basic and advanced imagerocessing techniques using
programmindganguagesuchas Python.
3. Applycomputervisiontechniquedo taskssuchas objectetection,image
segmentationand featureextraction.
4. Developideasto solverealworld problemsleveraging computevisiontechnologies.

Prerequisites: Essentialinderstandingof Artificial Intelligence

Key-conceptsiimageprocessingfeature extraction,objectdetection& recognition.

5.1:Introduction
In the previous chapter, you studied the concepts of Atrtificial Intelligence for Data Sciences. It

is a concepto unify statistics, data analysis, machine learning and their related methods
understandand analyse actual phenomena with data.

As we all know, artificial intelligence is a technique that enables computers to mimlc human
intelligence. As humans, we can see things, analyse them and then do the required action
based on what we see.

But can machines do the same? Can machines have the eyes that humans have? If you
answeredyes then you are right. The Computer Vision domain of Artificial Intelligence, enables
YI OKAySa (2 aSSw OGKNRBdIZAK AYI3ISa 2N OAadz €
algorithms and methods to analyse actual phenomena with images.

Now before we get into the concepts Gomputer Visionlet usexperience this domain with
the help of the following game:



* Emoji Scavengétunt: https://emojiscavengerhuntvithgooglecom/

Go to the link and try to play the gant&moji Scavenger Hunt. The challenge here is to find 8 iter
within the time limit to passDid you manage to win?

What was the strategy that you applied to win this game?

Was the computer able to identify all the items yloought in front of it?

Did the lighting of the room affect the identifying of items by the machine?

A Quick Overviewof ComputerVision!
Computer vision is the process of extraction of information from images, text, videos, etc.
A system that can process, analyze and make sense of visual data in the same way as humans do

HumanVisionSystem
Elephant
'”‘ !\ Eye/

Brain

Sensiny

Device
]—
\ L/
' InterpretingDevice



ComputerVisionand Atrtificial Intelligence
Computervisionis afield of artificial intelligence(Al).

Al enables computers to think, and computesion enables Al to see, observe and make sense
of visual datédlikeimages & videos).

Artificial Intelligence

Deep
Learnin

Machine
Learning

Compute
Vision

ComputerVisionVs.ImageProcessing

ComputerVision ImageProcessing

1 Computer vision deals with extractin 1 Image processing is mainly focused of
information from the input images of processing the raw inputimages to
videos tanfer meaningful information and enhancehem or preparing them to do
understandingthem to predict the visual other tasks
input 1 Image Processingis a subset of

1 Computer Vision is a superset of ComputeNision.
ImageProcessing. 1 Examples Rescalingmage,Correcting

1 Examples - Object detection, brightnessChangindones,etc.
Handwritingecognition,etc.

5.1 Applicationsof ComputerVision

The concept of computer vision wdsst introduced in the 1970s. All these new
applications ofcomputer vision excited everyone. Having said that, computer vision
technology advanced enough toake these applications available to everyone at ease
today. However, in recent years th&orld witnessed a significant leap in technology that
has putcomputer vision on the priority list of mangdustries.Let us look at some of
them:

Facial Recognition*With the advent of smart cities and
smarthomes,Computer Vision plays a vital rolenraking the
home smarterSecuritybeingthe mostimportantapplication
involvesthe useof ComputerVision for facial recognition. It
can be either guest recognition or logaintenanceof the
visitors. It also finds its application in schools for an
attendancesystembasedon facialrecognitionof students.




Face Filters*Modern-day apps like Instagram and Snapchat v
havea lot of features based on the

usage of computer vision. The applicatiorfaife filters is one ‘
among them.Through thecamera, the machine othe

algorithm is able to identify the facial dynamics of the person
andappliesthe facial filter selected.

Google's Search bylmage* The maximum
‘ O U [e amountof searching for data on Google's search
8 engine comeom textualdata, but at the same
images time it has an interesting feature of getting
search results through anmage. This uses
@ Seachimages  Computer Vision as it compares different
features of the input image to the database of
images and gives us the search result while at the

same time analysing various featuresf the
image

;cenc th-, Trv.)gc |

Computer Vision in RetailThe retail field has been one
of the fastestgrowing fields and at the same time is usin®=
ComputerVision for making the user experience mores:
fruitful. Retailers caruse Computer Vision techniques to ..c -
track customers' movementshrough stores, analyse . & .
navigational routes and detect walkipgtterns

Inventory Management is another such application.
Through security camera image analysis, a Comput
Vision algorithm cagenerate a very accurate estimate o
the items available in thstore. Also, it can analysethe

use of shelf spaceto identify suboptimal configurations
andsuggestbetter item placement

SeltDriving Cars: Computer Vision is the
fundamental technology behind the

development of autonomous vehicles. Most
leading car manufacturers in the worldre

reaping the benefits of investing in artificial

intelligence for developing eroad versions of
handsfree technology.Thisinvolvesthe process
of identifying the objects getting navigational
routes and also at the same timenvironment

monitoring




Medical Imaging*: For the last decades,
computer supported medical imaging

application has been #&rustworthy help for

physicians. It doesn't only creatnd analyse

images, but also becomes an assistamid
helps doctors with their interpretation. The
applicationisusedto readandconvert20scan
imagesinto interactive30 modelsthat enable
medical professionalsto gain a detailed
understandingof a patient's health condition.

5.2 Computer Vision Tasks

GoogleTranslateApp*: All you need to do to read signs in a
foreign language is to point your phone's camera at the
words andlet the Google Translate app tell youhat it
means in your preferrddnguage almost instantly8y using
optical character recognition tosee the image and
augmentedreality to overlayan accuratetranslation,thisis

a convenienttool that usesComputer Vision

The various applicationsof Computer Vision are based on a certain number of tasksthat are
performed to get certain information from the input image which can be directly used for
predictionor forms the basefor further analysisThetasksusedin a computervisionapplicationare:

For Single
Objects

— Classification

Classification+
Localisation

h,

Object
Detection

Instance
Segementation




Classification

The image Classification problem is the taskssigning an input image one label from a fixed
set ofcategories.This is one of the core problems in tB¥dt, despite its simplicity, has a large
variety ofpracticalapplications.

Classification+t.ocalisation

This is the task that involves both processeslentifying what object is presenin the image
and atthe same timadentifying at whatlocation that objectis presentin that image. Itis
used only forsingleobjects.

ObjectDetection

Object detection is the processof finding instancesof real-world objects suchas faces,
bicycles, and buildings in images or videos. Object detection algorithms typically use
extractedfeaturesandearning algorithms to recognize instances of an object category. It is
commonly used in applicationsuch as imageretrieval and automatedvehicle parking
systems.

InstanceSegmentation

InstanceSegmentationis the process of detectingnstancesof the objects, givingthem a
category, anthen giving each pixel a label based on that. A segmentation algorithm takes an
image as input andutputsa collectionof regions (orsegments).

Classification Instance
+ Localization

Classification Object Detection

Segmentation

CAT, DOG, DUCK CAT, DOG, DUCK

N 4
N

Single object Multiple objects




Basicsof Images

We all see a lobf images around us and use them daily either through our mobile phones or
computersystem But do we asksome basicquestionsto ourselveswhile we usethem on
regularbasis?

Don't knowthe answeryet? Don't worry, in this section,we will studythe basicsof animage

Basicof Pixels

Theword "pixel" meansa picture element. Everyphotograph,in digital form, is made
up of pixels.They are the smallest unit of information that make upieture. Usually
round or square, they argypicallyarranged ina 2-dimensionalgrid.

In the imagebelow,one portion haveenmagnified many timesver so that you can see
its composition in pixels. As you can see, fhieels approximate the actual image. The
more pixels yothave,the more closelythe image resemblethe original.




Resolution

Thenumberof pixelsin animageis sometimescalledthe resolution Whenthe term isusedto
describgoixel count, one convention is to expressolution as the width by the height, for
example, a monitoresolution of 1280x1024This means there are 1280 pixels from one side
to the other, and 1024 fronop to bottom.

Another convention is to express the number of pixels as a smgieer, like a 5 mega pixel
camera(a megapixel is a million pixel3his means the pixels along the width multiplied by
the pixels alonghe height of the image taken by the camera equals 5 million pixels. In the
case of our 1280x102#onitors, it couldalsobe expressedas 1280x 1024=1,310,720,0r 1.31
megapixels.

Pixelvalue

Each of the pixels that represent an image stored inside a computer paslvaluethat
describeshow bright that pixel is, and/or what colour it should be. The most comipizel
format is the byte image, where this number is stored as arb& integer givinga range of
possible values from OtR55.Typicallyzeroisto be taken asno colour or blackand 255 is
takento be fullcolouror white. Why dowe haveavalueof 2557 Number | Diferent. | No. of o, of

paktems patterns patterms
In computersystemsgcomputerdataisin theform of onesandzeros 01 211 2
whichwe callthe binarysystem. Each biin acomputersystemcan

0001 10 11 2;\2 4

haveeither a zeroor aone. Since each pixel uses 1 byte of an image,  [sw oot om0 A3 3
100011 101

i

[

which is equivalent to 8 bits afata. Since each bit can hatweo 1011
possible values which tell us that the 8 bits can have 255 2 A 8 — 2 5 6
possibilities of/alues that starts from @nd ends a55. -

Here #, represents exponent
(2 raised to the power 8)

Grayscaldmages

Grayscale images are images that have a range of shades of gray without apparent colour. The
darkestpossible shade is black, which is tb&al absence of colounr zero value of pixel. The
lightest possibleshade is white, which is the total presence of colour or 255 value of a
pixel Intermediate shades ajrayare representedy equalbrightnesdevelsof the three
primarycolours.

A grayscaléas each pixel dfize 1 byte having a singkane of2d array ofpixels. The size of
agrayscaleimage isdefined asthe Height x Widthof that image.

Letuslook at animageto understandgrayscalamages
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Here is an example of a grayscale image. As you chiexkialue of pixels is within the
range of 0255.Thecomputersstore the imageswe see inthe form
of thesenumbers

RGBmages

All the images that we see around us are coloured images. These ima
made up of three primarycoloursRed, Green, and Blue.

All the colours that are present carbe made by combining differe

intensitiesof red, green,andblue.

Letusexperience!

Go to this online linkttps://www.w3schools.com/colors/colors_rgb.as@n the basis of

this onlinetool,try and answerall the below mentionedquestions

1) What is the output colour when you put R=G=B=2557

2) Whatisthe output colourwhenyou put R=G=B=07?

3) Howdoesthe colourvarywhenyou put either of the three as 0 and then keepon varyingtheother
two?



https://www.w3schools.com/colors/colors_rgb.asp

4) How doesthe output colour changewhen all the three coloursare varied in sameproportion?

5) Whatisthe RGBvalue ofyourfavourite colourfrom the colour palette?

Were you able to answer all the questions? If yes, then you would have understood how
every coloumwe seearound ismade.

Now the question arises, howdo computersstore RGB images? Every RGB imiageored
in the form of three different channelscalledthe R channel,G channel,and the Bchannel.

Each plane separately has many pixels with each pixel value varying from Oto 255. All the
three planesvhen combined form a coloumage. This means that in an RGB image, each

pixel hasa set of threadifferent valueswhichtogether givecolourto that particular pixel.

ForExample, R . -5 ¥ i
- T i S

f 4

As you can see, each coloanage is stored in the form of three different channels, each
havingdifferent intensity.All three channelscombineto form acolourwe see.

Inthe abovegivenimage,if we split the imageinto three different channels namelyRed(R),Green
{G) andBlue (B), the individudhyers will have the following intensity of colours of the
individualpixels These individual layers when stored in the memory looks like the image on
the extreme right The images look in the grayscale image because pieh has a value
intensity of O to 255 and asudied earlier, O is considered as black or no presence of colour
and 255 means white or full presermfecolour. Thesethree individual RGBvalueswhen
combined formthe colourof eachpixel.

Therefore eachpixelinthe RGBmagehasthree valuesto form the completecolour.



Task:

Go to the following linkvww.piskelappcom and create your pixel art. Try and make a GIF
using theonline appfor your pixelart.

5.3 No-CodeAl Tools:

Introductionto Lobe
1 Lobe.aisanAuto-MLtool, whichmeansthat it isa no-codeAltool

T It works with image classificationand allows a set of imageswith labelsand will

obeh

Train apps to \

automaticallyfind the most optimal modelto classify thamages

Introductionto TeachabléMachine
1 TeachableMachineis an Al, Machine Learning,and Deep Learningtool that was
developedby Googlen 2017

T It runsontop of tensorflow.jswhichwasalsodevelopedby the samecompany
1 It isaweb-basedtool that allowstraining of a model basedon different images,audio,
orposesgivenasinput throughwebcamor pictures

Teachable Machine

Train a computer to recognize your
own images, sounds, & poses.

Activity Time: Build a Smart Sorter
Purpose: Using CV is to automate and enhance sorting processes through computer

vision technology.



http://www.piskelapp.com/

Form group®f 4 members

Findimagesof Bottles,Cans andPaperonlineor from around.
Visit theNo-codeAltool

Ensureto build 3 different classe$ Bottles,Cansand Paper].
Train themodel

Finally, testhe classifier!

=A =8 =8 =8 -8 -9

OrangeDataMining Tool:
[ S iv@kionarealworld ClassificatiorModel: CoralBleachinglUseCase Walkthrough)

Activity Time: Build a classification model

Purpose: Developing a classification model for early identification of coral bleaching to
safeguard marine ecosystems.

What Are CoraReefs?
A Coralcanbe foundin tropical oceanwatersaroundthe world.
A Coral reefs are large underwater structures composed of the skeletons of marine
invertebratescalled coral.
A Corals aranintegralpart of aquaticlife.



What causeCoralBleaching?

CORALBLEACHING |t

HEALTHY CORAL STRESSED CORAL BLEACHED CORAL o
< 2

Z 3

Coral bleaching has caused unbalanced scenarios in aquatic life. So, detecting bleached
corals at early stages prevents aquatic life from disaster

/ Use Case Walkthrough - Steps involved in project development & required\
dataset can be checked using the links and QR code given below:

Short link:_https://bit.ly/orange _computer_vision
Long Link: https://drive.google.com/drive/folders/1ppJ4d-
8yOFJ2G22rHHpjNrKOejdlIAe5Q?usp=sharing
or scan the OR code below

(=] Rk ]



https://bit.ly/orange_computer_vision
https://drive.google.com/drive/folders/1ppJ4d-8yOFJ2G22rHHpjNrK0ejdIAe5Q?usp=sharing
https://drive.google.com/drive/folders/1ppJ4d-8yOFJ2G22rHHpjNrK0ejdIAe5Q?usp=sharing

5.4 Image Features

In computervision and imag@rocessing,afeature is a piece of information that is relevant
for solvingthe computational task related to a certain application. Features may be
specific structures in thenage suclaspoints,edges,or objects.

Forexample:

Imagine that your security camermscapturing an image. At thep of the image, we argiven
six smajpatches oimages. Outaskisto find the exact locatiorof thoseimagepatchesin
the image.

Takea pencilandmarkthe exactlocationof thosepatchesin the image.

Wereyou ableto find the exactlocationof allthe patches?

Whichone wasthe mostdifficult to find?

Whichone wasthe easiestto find?

Let'sReflect:

Let us take individugbatches into account at once and then check thect location of those
patches.For Patch A and Bfhe patch A and Bare flatrfaces in the image and are spread
over a lotof area.They canbe presentat anylocationin a givenareain the image.

For Patch C and O‘he patches C and D are simpler as comparedl daod B. They are edges
of abuildingandwe canfind an approximate location of these patches but finding the



exact location isstill difficult. Thisis becausethe pattern is the same everywhere along

the edge

For Patch E and Fhe patches E and Fare the easiest to find in the image. The reason is that
Eand Fare some corners of the building. This is because at the corners, wherever we
move this patch it willook different.

Conclusion

In image processing, we can get a lot of features from the image. It can be either a blob,
an edge, ol corner. These features help us to perform various tasks and then get the
analysis done based ahe application. Now the question that arises is which of the
following are good features to be used® you saw in the previous activity, the features
having the corners are easy to find as they carfdaand only at a particular location in

the image, whereas the edges are spread over a line or an ledgehe same all along

This tells us that the corners are always good features to extract froormage folowed

by the edges.

Let's look at another example to understand thonsider the images given below and
apply theconceptof good featuredor the following.

Inthe above imagdnow would we determinethe exactlocationof eachpatch?

The bluepatch is a flat area and difficult to find and track. Wherever you move the blue
patch it looksthe same. The black patch has an edge. Moved along the edge (parallel to
edge), it looks the samd@he red patch is a corner. Wherever you move the patch, it looks
different, therefore it is uniqueHence cornersare consideredo be goodfeaturesin an
image.



5.5 Convolution

We have learnt that computers store images in numbers and that pixels are arranged in
a particularmanner tocreate the picture we can recognize. These pixels have values varying
from Oto 255 and thevalue ofthe pixeldeterminesthe color of that pixel.

But what if we edit these numbers, will it bring a change to the image? The answer is yes. As
we changehe values of these pixels, the image changes. This process of changing pixel values
is the base of imagediting.

We all use a lodvf images editing software like photoshop and at the same time use apps
like Instagramand Snapchatwhich applyfilters to the imageto enhancethe quality of

that image

Asyou cansee,different filters appliedto animagechangethe pixelvaluesevenly
throughout theimage. How does this happen? This is done with the help of the
process of convolution and thmnvolutionoperatorwhichiscommonlyusedto create
theseeffects.



Before we understand how the convolution operation works, let usaingl create a
theory for theconvolutionoperator byexperiencingt usingan online application.

Task

Go to the link https://setosa.io/ev/iimagekernelsiand scroll down to check the
convolution matrixappliedon theimage

Trychangingthe valuesin the convolutionoperator and observethe modifications
in the outputimage . Trythesesteps

5.6.1 Changeallto positivevalues
5.6.2 Changeallto negativevalues
5.6.3 Havea mixture of negativeand positivevalues

Letus followthe following steps taunderstandhow a convolutionoperator works. The
steps tobefollowed are:

Forma

R tth
epeatihe theory of

revious e 3
previ whyitis

activity happening

Change the position of numbers
and check your theory

Open the
earlier link

| Were you

correct?

Tryexperimentingwith the following valuesto comeup with a theory:

5.6.3.1 Make4 numbersnegative.Keepthe rest

as0.5.6.3.2Nowmakeone of them positive.
5.6.3.3 Observewhat happens.
5.6.3.4 Nowmakethe secondoositive.

Whattheory doyou proposefor convolutionbasedon the observation?




It is time to test the theory. Changethe location of the four numbersand follow the above
mentionedsteps.Doesyour theory hold true?

If yes, change the picture and try whether the theory holds true or not. If it does not hold true,
modify your theory and keeptrying until it satisfiesall the conditions

Let'sDiscuss

What effect did you apply?

How did different kernelsaffect the image?

Why doyouthink we applytheseeffects?

How do you think the convolutionoperator works?




Convolution:Explained

Convolutionis a simplemathematicaloperationthat is fundamentalto manycommon image
processing operators. Convolutigorovides a way of multiplying together two arrays of
numbers,generally of different sizes, but of the same dimensionality, to produce a third array
of numbers of thesamedimensionality.

An (image) convolutions simply an elementvise multiplication of image arrays and another
array calledthe kernel followed by sum.
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Asyoucanseehere,
I= Image Array

K=KernelArray

| * K=Resultingarray after performingthe convolutionoperator

Note: TheKernelis passedoverthe wholeimageto getthe resultingarrayafter convolution.

Whatisa Kernel?

A Kernel is a matrix, which is slid acrtiesimageand multiplied with the input such thatthe
outputisenhancedn acertaindesirablemanner.Eachkernelhasadifferent valuefor different
kindsof effectehat we want to apply toanimage.

In Image processing, we use the convolution operation to extract the features from the images
whichcan le later used for further processing especially in Convolution Neural Network (CNN),
which we willstudy later in the chapter.

In this process, we overlap the centre of the image with the centre okéneel to obtain the
convolution output. In the proces®f doing it, the output image becomes smalleas the
overlappingis done at the edge row and column of the image. Whatafwant the output
image to be of the exadizeof the input image,how canwe achievehis?

To achieve this, we need to extend the edge values out by one in the original image while
overlappingthe centresand performing the convolution. This will help us keep the input and
output image of thesamesize.While extendingthe edges,the pixel values areconsidered
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Let's try

In this section we will try performing the convolution operator on paper to understand how it works.
Fill the blank places of the output images by performing the convelution operation.

150 0 | 255|240 |190| 25 | 89 | 2565

1001179 25 | 0 |200|255| 67 | 100

155146 13 | 20| 0 | 12| 45| O

1001175 0 | 26| 25| 15| O 0

-1 0 | -1
120156255 0 | 78 | 56 | 23 | 0 2@ 0 1] o
7151 113| 25 | 90 | 0 | 80 | 56 | 155 1lof1

1351190 115116 | 178| 0 | 145|165

1231255255 0 |255(255]255] 0

Write YourOutput Here:

Summary
1. Convolutionisacommontool usedfor imageediting.
2. It is an elementwise multiplicationof animage and a kernelto get the desiredoutput.
3. In computer visionapplications,it isusedin ConvolutionalNeuralNetwork (CNN)to extractmage
features.



5.6 Convolution Neural Networks (CNN)

Introduction
A Convolutional Neural Network (CNNg a Deep Learning algorithm that can take in an

input imageassign importance (learnable weights and biases) to various aspects/objects
in the image, and bableto differentiate one from the other.

Theprocessof deploying aCNNis asfollows:

values

Convolutional 70 %
Neural 20 %
Network

10 %

In the above diagram, we give an input image, which is then processed through a CNN
and then givepredictionbasedon the labelgiven inthe particulardataset.

Thedifferent layersof a ConvolutionalNeural Network (CNN)are asfollows:

Fully Connected

Convolutional Rectified linear .
Pooling Layer

unit (RelLU)

Layer
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A convolutionalneural network consistsof the followinglayers:

5.7.1 ConvolutionLayer

5.7.2 Rectifiedlinear unit (ReLU)
5.7.3 PoolingLayer

5.7.4 FullyConnectedLayer

5.7.1 ConvolutionLayer

It is thefirst layer of a CNN. The objective of the Convolution Operation is to extract the
high-level featuressuch as edges, from the input image. CNN need not be limited to only
one ConvolutionaLayer. Conventionally, the fir€€onvolution Layer is responsible for
capturing the LowL.evel featuresuch as edges, colour, gradiemrientation, etc. With
added layers, thaarchitecture adapts tahe HighlLevel features as well, giving us a
network that has a wholesome understanding of images irdtagset.

It uses convolution operation on the images. In the convolution layer, several kernels are
used toproduceseverafeatures. The output of this layer is called theature map. A feature
map is also calle@n activationmap.We canusethese termsnterchangeably.
Thereare severaluseswe derivefrom the feature map:

A Wereducethe imagesizesothat it canbe processedmore efficiently.

A We only focus on the features of the image that can help us in processing the
imagefurther. For example, you might only need to recognize someone's eyes, nose, and
mouth to recognize theerson.Youmight not needto see the wholeface.

i Input Feature Mdp




5.7.2 RectifiedLinearUnit Function

The next layer in the Convolution NeuNgtwork is theRectified Linear Unit function or

the ReLUayer. After we get the feature map, it is then passed onto the ReLU layer. This
layer simply gets rid ddll the negative numbers the feature map andletsthe positive
numberstayasit is.

The process of passing it to the ReLU layer introduces hioearity in the feature map.
Let us see ithrougha graph.
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4 Output = Max(zero, Input)

If we see the two graphs side by side, the one on the left is a linear graph. This graph
when passedhrough the ReLU layer gives thene on theright. The ReLU graph starts with
a horizontal straight lin@ndthen increasedinearlyasit reachesa positive number.

Now the question arises, why do we pass the feature map to the ReLU layer? It is to make
the colourchangemore obviousand more abrupt?

Input Feature Map Rectified Feature Map
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As shown in the aboveonvolved image, there is a smooth grey gradient change from
black towhite. After applying the RelLu function, we can see a more abrupt color change
which makes the edges moobviousand actsasa better feature for the further layersin a
CNNasit enhanceghe activationlayer.

5.7.3 PoolingLayer

Similar to theConvolutional Layer, the Pooling layer is responsible for reducing the spatial
size of theConvolved~eaturewhile still retainingthe importantfeatures.

Twotypesof poolingcanbe performedonanimage.
1. Max Pooling:Max Poolingreturns the maximumvaluefrom the portion of the image
coveredbythe Kernel.
2. AveragePooling:Max Poolingreturns the maximumvaluefrom the portion of the
imagecoveredby the Kernel.

max pooling
20|30
112| 37
12.20 30‘ 0
81121 2|0
(341701 37| 4 average pooling
112/100} 25 | 12 13| 8

79| 20




Thepoolinglayerisimportant in the CNNasit performsa seriesof taskswhich are
asfollows:

1. Makesthe imagesmallerand more manageable

2. Makes theimage more resistant tosmall transformations, distortionsand
translationsin theinput image.
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Rectified Feature Map

5.7.4 FullyConnected_ayer

The final layer in the CNN is the Fully Connected Layer (FC layer). The objective of a fully
connectedayer is to take the results of the convolution/pooling process and use them to
classify the image into label (ina simpleclassificatiorexample).

The output of convolution/pooling is flattened into a single vector of values, each
representing gorobability that a certain feature belongs to a label. For example, if the

image is of a cat, featureepresentingthings like whiskersor fur should havehigh
probabilitiesfor the label "cat".



Connections and weights
nat shown here

dog (0.01)
cat (0.04) 4 possible outputs
boat (0.94)
bird (0.02)

Let'sSummarize:

Convolutional Neural Network

Convolutional | Rectified linear Pooling Fully Connected

Layer unit (ReLU) Layer Layer

r : N |car 70 %

J ,/l‘D s nm_.m..:u Truck 20 %

(=T =01 =]

Bicycle 10 %

Convolved Output = Max(zero, Input)

FEEtur‘E Fecrien Fewee wao

Reduce size, improve feature, give probability value

Write the whole processof how a CNNworks on the basisof the abovediagram




TestYourself:

1. Whatisthe primaryobjectiveof the ConvolutionLayerin a ConvolutionaNeuralNetwork (CNN)?
A)Toflatten the input image
B)Toassignmportanceto variousaspects/objectsn the image
C)Toreducethe spatialsizeof the inputimage
D)Toperform elementwise multiplicationof imagearrays

2. Whichof the followingtasksis an exampleof computervision?
A)Rescalingnimage
B)Correctingorightnesdevelsin animage
C)Objectdetectionin imagesor videos
D)Changindgonesof animage

3. Howisresolutiontypicallyexpressed?
A)Bythe numberof pixelsalongthe width andheight,suchas1280x1024
B)Bythe brightnesdevelof eachpixel,rangingfrom 0 to 255
C)Bythe total numberof pixels,suchas5 megapixels
D)Bythe arrangementof pixelsin a 2-dimensionalgrid

4. Whatisthe coretaskof imageclassification?
A)ldentifyingobjectsandtheir locationsin images
B) Segmentingbjectsinto individualpixels
C%Assignjngan inputimageone labelfrom afixed set ofcategories
D) Detectinginstancesof realworld objectsin images

5. Whatisthe function of the RectifiedLinearUnit (ReLUMyerin a CNN?
A)Toreducethe imagesizefor more efficient processing
B) Toassignmportanceto variousaspects/objectsn the inputimage
C)Togetrid of negativenumbersin the feature map andretain positivenumbers
D) Toperformthe convolutionoperation onthe input image

6. Objectdetectionandhandwritingrecognitionare examplesof taskscommonlyassociatedvith:
A) Computervision
B)Imageprocessing
C)Both computervisionandimageprocessing
D)Neithercomputervisionnor imageprocessing

7. Whatdoesthe pixelvaluerepresentin animage?
A) Width ofthe pixel
B) Brightnessor colorof the pixel
C) Heightof the pixel
D) Resolutiorof the pixel



8.

10.

11.

12.

Inthe byte imageformat, what isthe rangeof possible pixevalues?
A)0to 10

B)0to 100

C)0to 1000

D)0to 255

In agrayscalemage,what doesthe darkestshaderepresent?
A)Totalpresenceof color

B)Zerovalue ofpixel

C)Lightestshadeof gray

D)Maximumpixelvalue

Inan RGB imageyhat doesa pixelwith anintensityvalueof O represent?
A)Fullpresenceof color

B)Nopresence otolor

C)Maximumbrightnesdevel

D)Minimum brightnesdevel

Assertion:Objectdetectionis a more complextaskthan imageclassificatiorbecauset
involvesdentifying boththe presenceandlocationof objectsin animage.

ReasoningObjectdetectionalgorithmsneedto not only classifythe objectspresentin an
imagebut alsoaccuratelylocalizethem by determiningtheir spatialextent.

Selectthe appropriateoption for the statementsgivenabove:
A)BothAandR aretrue andR isthe correctexplanation ofA
B) Both AandRaretrue andR isnot the correctexplanation ofA

C)Aistrue but Risfalse
D)AisFalsebut Ristrue

Assertion:Grayscale images consist of shades of gray ranging from black to white, where
eachpixel is represented by a single byte, and the size of the image is determined by its

height multipliedy its width.

ReasoningGrayscale images are represented using a three intensities per pixel, typically

rangingrom 0 to 255.

Selectthe appropriateoption for the statementsgivenabove:
A)BothAandR aretrue andR isthe correctexplanation ofA

B) Both AandRaretrue andR isnot the correctexplanation ofA
C)Aistrue but Risfalse
D) Ais Falsebut Ristrue



ReflectionTime:

1. Imagine you have a smartphone camera app that can recognize objects. When you point
your camera at a dog, the apgentifies it as a dog, analyzing patterns and features in the
image. Behind the scenes, the app's software processes the image, detecting edges, shapes,
and colors, then compares these features to a vast database to make accurate
ARSYUGAFTAOIGA2Yy adé
Identify the technology used in the above scenario and explain the way it works.

2. Enlist two smartphone apps that utilize computer vision technology? How have these apps
improved your efficiency or convenience in daily tasks?
3. How an RGB image is different from a grayscale image?

4. Determine the color of a pixel based on its RGB values mentioned
below: (i) R=0, B=0, G=0
(i) R=255, B=255, G=255

(i)  R=0, B=0,
G=255 (ivR=0, B=255
G=0

5. Briefly describe the purpose of the convolution operator in impgEeessing.

6. What are the different layers in Convolutional Neural Network? What features are likely
to be detected by the initial layers of a neural network and how is it different from what is
detected by the later layers?

7. LYl 3AYS reseadtfeNIasked with improving workplace safety in a
manufacturing environment. You decide to employ computer vision technology to
SYKFyOS alFSGde YSI adz2NBaodé

8. How would you utilize computer vision in two distinct applications to promote safety
within the manufacturing plant, ensuring both the physical vireling of employees
and the efficiency of operations?
Provide detailed explanations for each application, including the specific computer vision
techniques or algorithms you would employ, and how they would contribute to achieving
your safety goals.

9. Explain the distinctions between image classification, classification with localization, object
detection, and instance segmentation in computer vision tasks. Provide examples for each
to support your answer.
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production. Traditional farming methods often rely on manual labor and visual inspection,
which can be timeconsuming and erreprone. However, advancements in compute
vision technology offer promising solutions to optimize various agricultural processes.

Agricultural drones equipped with higlesolution cameras and computer vision algorithms
are increasingly being used to monitor crop health, defedt 8 S 4 Sa> FFyR | 4aS4&:

Answer the following questions based on the case study mentioned above:

How does the integration of computer vision technology with drones improve efficiency in
agricultural practices compared to traditional methods?

What are some key indicators or parameters that computer vision algorithms can analyze
to assess crop health and detect diseases?

11. You are tasked with developing a computer vision system for-ageilhg car companyThe
system needs to accurately detect and classify various objects on the road to ensure safe
navigation. Imagine you're working on improving the object detection algorithm for the self
driving car's computer vision system. During testing, you noticettieasystem occasionally
misclassifies pedestrians as cyclists, especially idiggwconditions.

How would you approach addressing this issue? What steps would you take to enhance
the accuracy of pedestrian detection while ensuring the system's overall performance and
reliability on the road?



Unit 6: Natural Languagd’rocessing

LessorTitle: NaturalLanguagd’rocessing Approach:Session+ Activity

Summary:Students will be introduced to the NLP and its importaridesy will receive ar
overview of the various stages of NLP and test procegsititniques used in Naturdlanguage
Processing (NLP). They will undertake activities to appreciate the distibetiareen the Code v
No-code NLP. They will understand the Bag of Words algorithrtharmdnceptof TFIDF.

LearningObjectives:

Studentsare introducedto
1. NLPanditsimportance.

Variousapplicationsof NLP.

Differentstagesof NLP.
Varioustext processindechniquesusedin NLP.

DifferentNo-CodeNLPtools.

TheBagof Wordsmodel.
Theconceptof TFIDF.

No codeOrangeDataMining Tool

© NO OO A~WDN

LearningOutcomes:

Studentswill be ableto:

=

Describehe importanceof pre-processindNLPdata.

Recognizéhe different stepsof NLPdatapre-processing.

Learners will be able to list several applications of NLP which can be
implementedwithout code.

Enlistdifferent No-CodeNLPtools.

Outlinethe conceptof the Bagof Wordsalgorithm.

Explainthe processof TFIDF.

ExplainSentimentAnalysis

w N

No ok

Prerequisites:None

Key-concepts:

NaturalLanguagé’rocessing
Applicationsof NLP

Differentstagesof NLP
TextProcessingechniquesusedin NLP
Bagof Word

TFIDF

No codeg OrangeDataMining Tool

NoghrwdE




6.1 Introduction

A naturallanguagdsa humanlanguagesuchasFrench SpanishEnglish, Japanesetc.
Featuresof NaturalLanguages

1 Theyaregovernedby setrulesthat includesyntax,Jexicon,andsemantics.

1 Allnaturallanguagesreredundant,i.e.,the informationcanbe conveyedn multiple
ways.

1 Allnaturallanguage€hangeovertime.

TestYourself:

Choosehe right word:

1.l amsotired; | wantto takea ?

2.[ St Qa heraletter.

write

Doyouseehow samesoundingwvordscanhavetotally different meanings?
i Different meaningsn different contexts.

[ S GoRsiderthesethree sentences:

Hisfaceturnedredafter hefoundout that hetook the wrongbag.

Whatdoesthis mean?lIshe feelingashamedecausehe took anotherLJS NJ baginStéacf
his? Is he feeling angry because he did not manage to steal the bag thaashbeen
targeting?

Theredcarzoomedpasthisnose.

Probablytalkingaboutthe colourof the car



Hisfaceturnsredafter consuminghe medicine.

Ishe havingan allergicreaction?Or washe ashamedbecausehe lostabet 6 avill not fall
sickbecause2 ¥ U QriwashettaKinga medicine thatdilates the artery?

Herewe canseethat contextisimportant. We understanda sentencealmostintuitively,
depending on our history of using the language, and the memorieshidnat been built
within. In allthree sentencesthe word red hasbeenusedin three different wayswhich
accordingo the contextof the statementchangests meaningcompletely.Thus,in natural
languageit isimportantto understandthat aword canhavemultiple meaningsandthe
meaningdit into the statementaccordingo the contextof it.

Thinkof someother wordswhich canhavemultiple meaningsaandusethem in sentences.

ComputerLanguage

Computerlanguagesare languagesisedto interact with a computer,suchas Python,C++,
JavaHTML, etc.

Cancomputersunderstandour language?

Computers require a specific set of instructions i ®
understandhumaninput calledprogramsTotalktoa ‘l 2 : P
computer,we convertnaturallanguagento a -, .
languagethat a computer understands.We need B! » .
Natural Language Processing to help comput l_ e 4 el

understandnaturallanguage.
Whyis NLPimportant?

Computers can only process electronic signals in the
form of binarylanguageNaturalLanguagd®rocessing
facilitates this conversion to digital form from the
naturalform. Thusthe whole purposeof NLPisto

! “ makecommunicatiorbetweencomputersystemsand
i S L, humanspossible Thisincludescreatingdifferent tools
y v 1" y‘ ‘ and techniques thafiacilitate better communicatioof

intent and context.



DemystifyNatural LanguagdrocessingNLP)

Natural Language Processing, or NLP, is thefisleb of Al that is focused on enabling
computersto analyse,understand and processhuman languagesto derive meaningful
informationfrom human language.

6.2 Applicationsof Natural Languagd’rocessing

SinceAtrtificial Intelligencenowadayss becominganintegralpart of our lives,its
applicationsare very commonlyusedby the majority of peoplein their dailylives.Hereare
someof the applicationsof NaturalLanguagérocessingvhichare usedin the reatlife
scenario:

VoiceassistantsVoiceassistantsake
our natural speech, process it, and give

/~\ A us anoutput. These assistants leverage
| " NLP to understand natural language and

I 1 B B >
) ﬁ.‘; w executetasksefficiently.
AN I:('.'/‘

\ W Forexample:

HeyGoogle setanalarmat 3.30pm
HeyAlexa,playsome music
HeySiri,what'sthe weathertoday

Autogeneratedcaptions:Captionsare
generatedby turning naturalspeechinto text in
reaktime. It is a valuable feature for enhancing
the accessibilitypf videocontent.

Forexample: NATURE NURTURE
Auto-generatedcaptionson YouTubendGoogle
Meet. \he anoves Bov e s Lonrsirg T8

Language Translationlt incorporates
the generationof translation from another
languageThisinvolves the conversion oéxt

have a rice day or speech from one language w@nother,
= facilitatingcrosslinguistic
: ' Ooogie Tanaite communicationandfosteringglobal
connectivity.
Forexample:

eosain GoogleTranslate



Sentiment Analysis:SentimentAnalysisis a
tool to expressanopinion,whether the

underlyingsentimentis positive,negative or e
neutral. Customersentiment analysishelps in the
automaticdetection of emotionsvhen
customersinteract with the products, services,or
brand

Discovering people opinions, emolions and feelings about
a praduct or service

TextClassificationTextclassificatioris
[——— — Food a tool which classifies a sentence or
documentcategorywise.

In the example, we can observe news
> Sports articlescontaininginformationon various
cies p oner .
Artic sectors,includingFood,Sports,and Politics,
beingcategorized througlhhe text
5 . _ classificatiorprocess.Thisprocessclassifies

— Poliics | the raw texts into predefined groups or
categories.

- .

KeywordExtraction:Keywordextractionisa ek

tool that automaticallyextractsthe mostused, Result

important words and expressions from a text. It
cangivevaluableinsightsinto LJS 2 LafpiBidnst =

about any business on social media. Custome

Service can bémproved by using a Keyword

extractiontool. (o

Activity 1: KeywordExtraction

PurposeTolearnhowto utilizean APIfor performingkeywordextractionfrom awebsite.

Saya Y S & @@aracionin NLPnvolvesautomaticallyidentifyingandextractingthe mostimportant

wordsor phrasedrom apieceof text. Thesekeywordsrepresentthe maintopicsor themeswithin
the text andare usefulfor taskslike documentsummarizationjnformationretrieval,and

w

contentt yI f € aA a Pé




STEP¢ 1. Go to the given website:
https://cloud.google.com/naturalanguage

STER 2: Clickon W'!

Natural Language Al

Cwtiom mmtg 7oL 473y VU e e e GO T e e

¢ crnte wrt Aumbil e ]

v Aesh e lrguage s siandng (NLD 15 aawe with Nite
wiganye MY

y | &ndche8ihe results.

Natural Language Al
| o Natural Language APl demo
Dore
Try the AP
ol — ‘
Documentation
Compar Oooghe, headquartered n View (1600 Arg Plowy, W View, ANALYTE
V. CAWMMV:WMGMMSMJ!WW:’M(NM -
Pricing Show. Sundar Pichal 53k n s heynote Dt users love thek new Andioid phones
Toke the next step
Three natural language solutions that work
Try the API
1 The keywords from the
paragraph in the textbox have Somia hevdurionl s Mo ey (1600 Srvhmnd e Womma as | 2
been highlighted in different NGNS IRBSRORUISEE e ‘
colourse.g.,Google Mountain
Emties Sercrment Sytax Cezagones

View,etc.

1 Clickon other optionsto check

the output.

1 Useyourowntextin the text box
andobserve theresults.

Thet sew (AOdeidyy (phenes) o

(Amrgetheatre Phwy); | (Mountsn View), | (CA 5460
{S79%)y3 (7990 g ot B (Consummer Uermmene Sow

(Coogie)y  headguaniennd in (Mountain View); [ (1600 Anphutheatre Flowvy Mountai Wew Gy, (16000,

MMy (MOLI0) ¢ |, iarremdiedd the Dew (Androd)y (pihane)y for

Nt - (Sender Piehad, sond 0 iy (Leynotely Tt (users)y love



https://cloud.google.com/natural-language

6.3 Stagef Natural Languagd’rocessingNLP)

Thedifferent stagef NaturalLanguagé@rocessingNLPyervevariouspurposesntheoverall
task of understanding and processing human language. The stages of Naamgluage
ProcessingNLPYypicallyinvolve thefollowing:

Lexical Syntactic Semantic Discourse Pragmatic
Analysis Analysis Analysis Integration Analysis

LexicalAnalysis:

NLPstartswith identifyingthe structureof input words.lIt isthe processof dividing
alargechunkof wordsinto structuralparagraphssentencesandwords.Lexiconstandsfor a
collectionof the variouswordsand phrasesusedin alanguage.

The quick brown fox jumped over the lazy dog

The - brown fox | jumped - the - dog

Lexical Analysis

Lengthytext isbrokendowninto chunks.



SyntacticAnalysig Parsing

It is the processof checkingthe grammarof sentencesand phrases.t forms a relationship
amongwordsandeliminates logicallyncorrectsentences.

The quick brown jumped fox over the lazy dog

The quick brown fox jumped over the lazy dog

Thegrammariscorrect!

SemanticAnalysis

Inthis stage the input text isnow checkedor meaningandeveryword andphraseischecked
for meaningfulness.

Forexample:

It will rejecta sentencethat containsW K izeld NB In it The
fox jumpedinto the dog.

The quick brown jumped fox over the lazy dog

The quick brown fox jumped over the lazy dog

Sentencesnakeactualsense!



Discoursdntegration

It is the processof forming the story of the sentence.Every sentence should have a
relationship with itgorecedingand succeedingentences.

The quick brown fox jumped foxed over the lazy dog.
Then it went into the thick bushes.

Here ‘it’ means ‘the fox’

The quick brown fox jumped over it. Then it went
into the thick bushes.

‘it’ is unknown here

Theflow of wordsmakessense!

PragmaticAnalysis

In this stage,sentencesare checkedfor their relevancein the real world. Pragmatiomeans
practicalor logical,i.e., this steprequiresknowledgeof the intent in a sentencelt also

meango discardthe actualword meaningtakenafter semanticanalysisandtaketheintended
meaning.

Relax! I’'m just pulling your leg

Means he is just joking
Does not mean he’s pulling his actual leg

Theintendedmeaninghasbeenachieved!



Insummary,

Breakdown text Check the sense

Analyze the

into sentences
and words

Lexical Syntactic Semantic Discourse Pragmatic
Analysis Analysis Analysis Integration Analysis

Check the story,

f 2
of the words sarcasm

Check the rules relationship

between words

(grammar)

TestYourself:
Choosehe right word:

1. Syntaxefersto the grammaticaktructureof asentence.

“

2. Whichtechniqueisusedto assesshe meaningfulnes®f the input text?

Pragmatic Analysis Lexical Analysis

Discourse

Semantic Analysis

Integration




6.4 Chatbots

Activity 2: Playwith chatbots

Purposeidentifyandinteractwith different chatbots.

Sayn | | y@uverwonderedwhy chatbotsarecreated?Theyaremeantto makeit feel asif we are

talkingto arealhumanasthis isthe waywe are comfortablewith. Thereare severalchatbotshere.
I will split youinto groups.Spendsometime interactingwith the chatbot, andthen we will review
ourSELISNA Sy OS oé

One of the most common applications of Natural Language Processing is a chaatét

is a computer program that's designedto simulate human conversationthroughvoice
commandsor text chatsor both. It canlearnovertime howto bestinteractwith

humans.It cananswerquestionsandtroubleshootcustomerproblems,evaluateand qualify
prospects, generate sales leads andrease sales on an ecommerce site. There are a lot of
chatbotsavailable Letustry some ofthe chatbotsand seehow they work.

Mitsuku

lﬁ\ - |
LIEVEIL t Cleverbot Singtel

Elizabot- https://www.masswerk.at/elizabot/

Mitsuki - https://www.kuki.ai/

Cleverbot https://www.cleverbot.com/

Singtel https://www.singtel.com/personal/support



https://www.masswerk.at/elizabot/
https://www.kuki.ai/
https://www.cleverbot.com/
https://www.singtel.com/personal/support

Letusdiscusst!

wWhichchatbotdid youtry? Nameanyone.

wWhatisthe purposeof this chatbot?

wHowwasthe interactionwith the chatbot?

wDidthe chatfeellike talkingto ahumanor arobot? Whydo youthink so?
wDoyoufeelthat the chatbothasa certainpersonality?

As you interact with more and more chatbots, you would realise that some of them are
scriptedor in other wordsaretraditional chatbotswhile othersare Alpoweredandhave

more knowledge With the help of this experiencewe canunderstandthat there are 2 types

of chatbotsaroundus: Scriptbot and Smartbot. Letusunderstandwhat eachof them

meansin detail.

e Smart-bots are flexible and
powerful.

e Script bots are easy to make.

e Script bots work around a
script which is programmed
in them.

e Mostly they are free and are
easy to integrate to a
messaging platform.

e Smart bots work on bigger
databases and other
resources directly.

e Smart bots learn with more
data.

e Coding is required to take
this up on board.

¢ \Wide functionality.

¢ No or little language
processing skills.
e Limited functionality.

QuizTime

1. NaturalLanguagérocessingnajorlydealswith processing.

a.Numericdata b. Textualdata
c.lmagedata d. Visualdata
2. isan NLPtool to expressanopinion,whetherthe underlying

sentimentis positive,negative or neutral.



a. TextClassification b. MachineTranslation
c.SentimentAnalysis d. AutomaticTextSummarization
3. Whatisthe first stageof NaturalLanguagd’rocessingNLP)?

a. SemanticAnalysis b. PragmaticAnalysis
c.LexicalAnalysis d. SyntacticAnalysis

4. Wordsthat we wantto filter out before doinganyanalysiof the text are called
a.Rarewords b. Stopwords
c.Frequentwords d. Filterwords

5. Whatdoesdiscoursdntegrationinvolvein the contextof sentenceformation?
a. ldentifyingindividualwordsin asentence

b. Forminga coherentstorywithin asentence

c. Establishingelationshipsbetweenprecedingandsucceedingentences

d. Applyingpunctuationandgrammarrulesto asentence

6.5 TextProcessing

Humansnteractwith eachother veryeasily.Forus,the naturallanguageshat we useare so
convenientthat we speakthem easilyand understandthem well too. Butfor computers,our
languages are very complex. As you have already gone through some of the complications in
human languages above, now it is time to see how Natural Language Processing makes it
possiblefor machinego understandand speakin NaturalLanguagegfust like humans.

Since we all know that the language of computers is Numerical, the very first stegpthat

to our mindisto convertour languageéo numbers.Thisconversiortakesafew steps

to happen.Thefirst stepto it is TextNormalisation Sincehumanlanguagesire complex,we
needto first of all simplifythem in orderto makesurethat understandingpecomespossible.
Text Normalisatiofelps in cleaning up the textual data in such a way that it comes down to
alevelwhereits complexityis lower thanthe actualdata. Letusgothrough Text

Normalisationin detail.

TextNormalisation

In Text Normalisationwe undergo several steps to normalise the text to a lower |Bafbre

we begin, we need to understand that in this section, we will be working cwllactionof

written text. Thatis, we will be workingon text from multiple documentsandthe term used

for the whole textual data from all the documents altogether is knowr@pus. Not only
would we go through all the steps of Text Normalisation, we wouldwats& them out on a

corpus.Letustake alook at the steps:



STEPS OF TEXT NORMALISATION

Sentence

_ ) Tokenization
segmentation

numbers

SentenceSegmentation

Converting

texttoa - ; Lemmatization
Stemming

commaon

case

Undersentencesegmentationthe whole corpusis dividedinto sentencesEachsentenceis
takenasadifferent datasonow the whole corpusgetsreducedto sentences.

In CBT, we learn to decipher the lies
we are undermining ourselves
with— based on the bias
embedded in the things we say. For
example, “I’'m never going to make
any friends” is an example of all-or-
nothing thinking and we feel bad
because we buy into this thought.

Tokenization

1. In CBT, we learn to decipher the
lies we are undermining ourselves
with— based on the bias
embedded in the things we say.

2. For example, “I'm never going to
make any friends” is an example of
all-or-nothing thinking and we feel
bad because we buy into this

thought.

After segmentinghe sentenceseachsentences then further dividedinto tokens.Tokenss

a term used for any word or number or special character occurring in a sentence. Under

tokenisation,everyword, numberand specialcharacteris consideredseparatelyand eachof

them is nowa separatetoken.

In CBT, we learn to decipher
the lies we are undermining ourselves

with - based on the
bias embedded in the things
we speak

Iy CBT . we learm t
decipher the lies WE are
ungderrmining ourselves with —
based on the bias embedded

n the thangs W say



RemovingStopwords, SpecialCharacterand Numbers

Inthis step,the tokenswhicharenot necessargreremovedfrom the tokenlist. What arehe
possiblewordswhichwe mightnot require?

Stop words are thavords which occur very frequently in the corpus but do not add\aaiye
to it. Humans use grammar to make their sentences meaningful for the other péoson
understand Butgrammaticalwordsdo not add anyessenceo the informationwhichistobe
transmitted through the statement hence they come under stop words. Some exarmples

stopwordsare:

_

Thesewords occur the most in any given corpusbut talk very little or nothing about the
contextor the meaningof it. Hence to makeit easierfor the computerto focuson
meaningfulterms,thesewordsare removed.

Along with these words, a lot of times our corpus might have special characters and/or
numbers.Now it dependson the type of corpusthat we are workingon whether we should
keepthem in it or not. Forexample,if you are workingon a documentcontainingemail IDs,

then you mightnot wantto removethe specialcharactersandnumberswhereasin some

other textual data if these charactersdo not make sense then you canremovethem along

with the stopwords.

ConvertingTextto aCommonCase

After the stopwordsremoval,we convertthe wholetext into asimilarcase preferably
lowercase Thisensuresthat the casesensitivityof the machinedoesnot considerthe same
wordsasdifferent just becauseof differentcases.



HELLO HELLo hELLO hEILO HellO

hello

Herein this example,all the 6 forms of hello would be convertedto lowercaseand hence
would be treated asthe same wordby the machine.

Stemming

In this step,the remainingwordsarereducedto their root words.In other words,stemmings
the process in which the affixes of words are removed and the words are convertedito
baseform.

Word Affixes Stem
healed -ed heal
healing -ing heal
healer -er heal
studies -es studi
studying -ing study

Note that in stemming, the stemmed words (words that we get after removing the affixes)

might not be meaningful Herein this exampleasyou cansee:healed,healingand healerall

were reduced to heal but studies was reduced to studi after the affix removal which is not a

meaningfulword. Stemmingdoesnot take into accountwhetherthe stemmedword is

meaningfulor not. It justremovesthe affixeshenceit isfaster.




Lemmatization

Stemming and lemmatization both are alternative processes to each other as the bmthof
the processess sameg removalof affixes.Butthe differencebetweenboth of them isthat in
lemmatization the word we get after affix removal(alsoknownaslemma)is a
meaningfulone. Lemmatizatiormakessurethat a lemmais aword with meaningandhence
it takesalongertime to execute tharstemming.

Word Affixes Stem
healed -ed heal
healing -ing heal
healer -er heal
studies -es study
studying -ing study

Asyou canseein the sameexample the output for studiesafter affix removalhasbecome
studyinsteadof studi.

Thedifferencebetweenstemmingandlemmatizationcanbe summarizedy this example:

Lemmatization

With this, we havenormalisedour text to tokenswhicharethe simplestform of words
presentin the corpus.Nowit istime to convertthe tokensinto numbers.Forthis, we would
usethe Bag ofwWordsalgorithm



Bagof Words

Bagof Wordsis a NaturalLanguagé’rocessingnodelwhichhelpsin extractingfeaturesout
of the text which canbe helpfulin machinelearningalgorithms.In the bagof words,we get
the occurrence®f eachword and constructhe vocabularyor the corpus.

| love this movie! It's sweet,
but with satirical humor. The
dialogue is great and the
adventure scenes are fun...
It manages to be whimsical
and romantic while laughing
at the conventions of the
fairy tale genre. | would
recommend it to just about
anyone. I've seen it several
times, and I'm always happy
to see it again whenever |
have a friend who hasn't
seen it yet!

it

|

the

to

and

seen

yet

would
whimsical
times
sweet
satirical
adventure
genre
fairy
humor
have
great

[0 bt ot ok ok ot bt - - DWW EOOD

This imageyives us a brief overview of how the bag of words works. Let us assume that the
text on the left in thisimageis the normalisedcorpuswhichwe havegot after goingthrough
all the stepsof text processingNow, aswe put this text into the bagof wordsalgorithm,the

algorithm returns to us the unique words out of the corpus and their occurrences inyibuAs

canseeon the right, it showsus a list of words appearingin the corpusand the numbers

corresponding to it show how many times thrd has occurred in the text body. Thus, we

can say thathe bagof wordsgivesustwo things:

1.
2.
| SNE OF ftfAy3

Avocabularyof wordsfor the corpus

Thefrequencyof thesewords (numberof timesit hasoccurredin the whole corpus).

idKAA
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tokensdoesnot matter. In this case all we needare the uniqguewordsandtheir frequency.

Hereisthe step-by-stepapproachto implementingthe bagof wordsalgorithm:

1. TextProcessingCollectdataandpre-processt

2. CreateaDictionary:Makeal list of all the uniquewordsoccurringin the corpus.
(Vocabulary)

3. Createdocumentvectors:Foreachdocumentin the corpus find out how manytimesthe
word from the unique listof words hasoccurred.

g2 NR



4. Createdocumentvectorsfor allthe documents.

Letusgothroughall the stepswith anexample:

Stepl: Collectingdata and pre-processingt.
Documentl: AmanandAvniare stressed
Document2: Amanwent to atherapist

Document3: Avniwent to downloada healthchatbot

Here are three documentshaving one sentenceeach. After text normalisation,the text
becomes:

Document 1: [aman, and, avni, are, stressed]
Document2: [aman,went, to, a, therapist]

Document3: [avni,went, to, download,a, health,chatbot]

Step2: Createa Dictionary

Gothroughall the stepsand createadictionaryi.e., list down all the wordswhich occurin all
three documents:

Dictionary:

aman and avni are stressed

download health chatbot therapist a

Notethat eventhoughsomewordsarerepeatedin different documentsthey are all written
justonceaswhile creatingthe dictionary,we createthe list of uniquewords.

Step3: Createa documentvector

In this step,the vocabularyiswritten in the top row. Now, for eachword in the document,ifit
matches the vocabulary, put a 1 under it. If the same word appears again, increment the
previousvalue byl. Andif the word doesnot occurin that document,put a O under it.



Sincejn the first document,we havewords:aman,and,avni,are,stressedSo allthesenvords
getavalueof 1 andthe restof thewordsgeta0 value.

Step4: Createdocumentvectorsfor all the documents.

Thesameexercisenasto be donefor all the documents Hencethe tablebecomes:

1 1 1 1 1 0 0O 00 0 0 0
0 0 0 0 1 1 1
0 0 1 0 1 1 110 1 1 1

Inthistable, the headerrow containsthe vocabularyof the corpusandthree rows
correspondo three different documents.Takealook at this table and analysethe
positioningof 0s andlsin it.

Finally, this gives us théocument vector tablefor our corpus. However, the
tokens havstill not beenconvertedto numbers.Thisleadsusto the final step of
our algorithm:TFIDF.

TFIDFTermFrequency& InverseDocumentFrequency

Supposeg/ouhaveabook.Whichcharactersor wordsdo youthink would occurthe mostinit?

The bag of words algorithm gives us the frequency of words in each document we loave in
corpus. It gives us adea that if the word is occurring more in a document, its valuaase

for that document.Forexample,if | haveadocumenton air pollution, air and pollutionwould

be the words which occur many times in it. And these words are valuable too agitleeys
some context around the document. But let us suppose we have 10 documentallaoid
them talk about different issues. One is on women's empowerment; the other is on
unemployment and so on. Do you think air and pollution would still be one of the most
occurring words in the whole corpus? If not, then which words do you think would have the
highestfrequency inall ofthem?



And, this, is, the, etc. are the words which occur the most in almost all the documents. But
these words do not talk about theorpus at all. Though they are important for humans as
they makethe statementsunderstandabldo us,for the machinethey area completewaste
asthey do not provideuswith anyinformationregardingthe corpus.Hence theseare

termed asstopwordsandare mostlyremovedat the pre-processingtageonly.

-~

|
I Stop words

Occurrence

\ Frequent words

— Rare / Valuable
— words

k

Value

Takealookat this graph.lt isa plot of the occurrenceof wordsversustheir value.Asyou can

see, if the words have the highest occurrence in all the documents of the corpus, thesidre

to have negligible value hence they are termed as stop words. These words are mostly
removed at the preprocessing stage only. Now as we move ahead from the stop words, the
occurrence level drops drastically and the words which have adequate occurrence in the
corpus are said to have some amount of value and are termed as frequent words widrdse
Y2adte GFrt1 to2dzi GKS R20dzyYSydQa admmpd8sSOod |y
Then as the occurrence of words drops further, the value of sualdsviases. Theseords

are termed as rare or valuable words. These words occur the least but add thevahosto

the corpus.Hencewhenwe look at the text, we considerfrequentandrare words.

LetusnowdemystifyTFIDFTFIDStandsfor TermFrequencyandinverseDocument

FrequencyTFIDMelpsusidentify the valueof eachword. Letusunderstandeachterm one
by one.

TermFrequency

Term frequency is the frequency of a word in one document. Term frequency can easily be

foundin the documentvectortable asin that table we mention the frequencyof eachword
of the vocabulary ireachdocument.



1 1 1 1 1 0 00 0 0 0 0
1 0 0 0 0 1 111 1 0 0 0
0 0 1 0 0 1 111 0 1 1 1

Here,you canseethat the frequencyof eachword for each documenhasbeenrecordedin
the table.Thesenumbersare nothingbut the Term Frequencies!

InverseDocumentFrequency

Now, let uslook at the other half of TFIDRvhichis InverseDocumentFrequencyForthis, let
usfirst understandwhat documentfrequencymeans.DocumentFrequencys the numberof
documentsin whichthe word occursirrespectiveof how manytimesit hasoccurredin those
documents.Thedocumentfrequencyfor the exemplarvocabularywould be:

Here,youcanseethat the documentfrequencyof W I Y IV @F G AP a8 lisDaghey
haveoccurred in two documents. The rest of them occurred in just one docuimemte the
documentfrequency forthemis one.

Talking about inverse document frequency, we need to put the document frequency in the
denominatorwhile the total numberof documentsisthe numerator.Here,the total number
of documents i3, henceinversedocumentfrequencybecomes:

32 ) 31| 32 | 3 3/ 32 |32 |32 3/ 3/ 31 31

Finally the formulaof TFIDFor anyword W becomes:
TFIDF(WS TF(WY log(IDF(W))

Here, log is to the baseof 10.5 2 ywoiily! YouR 2 yh@siilto calculatethe log valuesby
yourself.Simplyusethe logfunction inthe calculator andind out!

b2¢gz tS3GQa Ydzt GALIX & GKS L5C @I ftdzSa o0& GKS
documentwhile the IDFvaluesare for the whole corpus.Hence we needto multiply the IDF
valuesto each rowof the documentvectortable.



“1"log(312) | 1710g(3) | 170g(3/2) | 1l0g(3) | 1og(3) |07log(3/2) | 0'log(312) | 0log(3/2) | 0'log(3) |(0'log(3) |0%log(3) | 07log(d)

T'l0g(312) | 0"log(3) | 0'log(372) | 0'log(3) | 0'log(3) | 1log(32) | 1'log(372) | 17log(3/2) | 17log(3) | 0'log(3) | 0'log(3) | 0'log(3)

0'log(3/2) | 0'log(3) | 1l0g(3/2) | 0'log(3) | 0'log(3) | 1log(3/2) | 1'log(312) | 17log(3/2) | 0'log(3) | 1'log(3) |1log(3) | 1"log(3)

Here, you can see that the IDF values for Aman in each row are the same and a similar
patternisfollowedfor allthe wordsof the vocabularyAfter calculatingall the valuesweget:

'0.176 0477 0.176 0477 0477 0 0 0 0 0 0 0
0.176 0 0 0 0 0.176 0176 |0.176| 0477 0 0 0
0 0 0.176 0 0 0.176 0176 | 0.176 0 0.477 0477 0477

Finally, the words have been converted to numbers. These numbers are the values of each
for each document. Here, you can see that since we have less amount of data, wo¥ds liK&S Q
and W yaRdhave a high value. But as the IDFvalue increasesthe value of that word
decreasesThatis, forexample:

TotalNumberof documents10

Number of documentsin which WI yoBcQrs: 10
Therefore IDF(and} 10/10= 1

Whichmeans:log(1)=0. Hence the valueof W I yhét@meD.

Onthe other hand, the numberof documentsin whichW LJ2 f fodeiir&k3aDF@ollution)=
10/3=0 ®o0 000 X

Thismeandog(3.3333¥0.522;whichshowsthattheword W LJ2 f fhasibAskisfalealue
in the corpus.

Summarisinghe concept,we cansaythat:

1. Wordsthat occurin all the documentswith highterm frequencieshavethe lowestvalues
and areconsidered tdoe the stopwords.

2. Forawordto haveahigh TFIDFvalue,the word needsto havea highterm frequencybut
lessdocument frequency which shows that the word is important for one document but is
not acommonword forall documents.

3. These values help the computer understand which words are to be considered while
processinghe naturallanguageThehigherthe value,the more important the word isfor a
givencorpus.



Applicationsof TFIDF

TFIDFscommonlyusedin the NaturalLanguagérocessinglomain.Someof itsapplications
are:

Document TopicModelling Information Stopword filtering

Classification RetrievalSystem

Helps in classifying It helpsin predicting To extract the  Helps in removing

the type andgenre  the topic for a important unnecessaryords
of adocument. corpus. information out ofa  from atext body.
corpus.

6.6 Natural Languagd”rocessinguseCaseNalkthrough

PurposeStudentsareintroducedto the No-codetoolsfor NaturalLanguagérocessing.

Theywill learnaboutSentimentAnalysispne of the applicationsof NLPwith the No-codetool
OrangeDataMining.Learnerswill be ableto understanahis applicationwith usecases

Exampleof Codeand No-codeNLPTools

CodeNLP No-CodeNLP

NERSGE Nl el E= T [FE B S Relel el OrangeDataMining: It isa machine

WERE e oE el s el A=VEl EI SR learningtool for dataanalysighrough
olgele=isale g S eIl Sle o e alelpi =1l Python and visual programming. We ce
functionsandmoduleswhicheanbeused Wel=lgelfpale]olse:Nilo]g el g¥o Fo1e=Nig] (o]0 | g KT gg] o] (=]
for NaturalLanguagérocessing. drag-and-drop steps.

MonkeyLearn: MonkeyLearn is a tex
SpaCySpaCysanopen-sourcenatural analysis platform that offers NLP tools ai
ErleliEtelcolgere =il (MBS el =106 S5 elal=le . machine learning models for text analys|
ol albi e RN SR To ol [[orzt il Ierii= s zlilelll supporting tasks such as classificatic
featuressuchastokenization part-of- sentiment analysis, and entity recognitiol
Slelsislelp = lefeflale faktanl=le lEpiiin A g=leele[aliilolg | Userscancreatecustommodelsor usepre-
dependencyparsingandmore. trained onesfor taskslike socialmedia
monitoringand customerfeedbackanalysis.




Applications of NLP

Introduction to SentimentAnalysis
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Sentiment (opinion)

SentimentanalysissanaturallanguageprocessingNLP}echniqueusedto analyzevhether
a giventextual datais positive,negative or neutral.

Applicationsof SentimentAnalysisCustomerService

Customersentimentanalysishelpsin the automaticdetection of emotionswhen customers
interactwith products,servicespr brands.

Applicationsof SentimentAnalysis¢Voiceof the Customer

Voiceof the customeranalysihelpsto analyzecustomerfeedbackandgain
actionable insights front.

It measureghe gapbetweenwhat customersexpectandwhat they actually
experiencewhenthey usethe products orservices,



