[D Learmng Outcumes hEE. ey
|

/

At the end of this unit students will be able to:
| understand and evaluate applications of various programming paradigms.

£
use more advanced programming constructs such as data structures (lists etc.), file j
handling (disk 10 to write to storage), and databases in Python. E
implement complex algorithms that use lists etc, inPython A i
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. determine more advanced techmques [un}t tﬂz-:-st.sE bre'aliﬂq‘ims, waj;zhés} for testing .':_ '

and debugging theircode:n Pythﬁh d i
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Give answer of the following: - GRS, )
l] Amﬂthm . | '._ I'-II.I. I':I'.I -I-II ',_II.-.:. "_.._'_. \ . s ;
b Effictency (YO
2 Time Comiplexity
2 Space Complexity
c) Clarity

d) Correctness

Problem 4: Checking for Prime Numbers

Problem Statement: Determine if a given integer n is a prime number (i.e., it has no divisors
other than 1 and itself).

Solution: Simple Divisibility Test
Give answer of the following:
a) Algorithm _ e e
b) Efficiency o aaaraN Gl
2 Time Complexity N\ 700 WU

> Space Complexity O\~ VAR

d) Correctness Lo ,JH-I_\. x;;,,._[-;__ ol Ly
RN B ey

Problem 5: Finding the Average of a List
Problem Statement: Calculate the average value of a list of numbers.
Solution: Summation and Division
Give answer of the following:
a) Algorithm
b) Efficiency
2 Time Complexity
> Space Complexity

2) Clarity
d) Correctness R o\

6. How can abstraction help a student create a simple tlmqt@le app fnr schnul?
7. Ashopkeeper wants to use a program tu quil:klyﬁnd a product in a long list. Which type of
algorithm should they use and why‘* i

" Give long stmﬁé thﬁf following Extended Response Questions (ERQs).
. Compare and ¢evaluate the efficiency of Bubble Sort and Merge Sort in sorting a list of 1,000
student names. Discuss in terms of time complexity and clarity Which is more suitable and
why?

2. De;:nbe the difference between Stack and Queue. How does their operation affect algorithm
design? Provide one real-life example for each data structure.

3. Explain the importance of tree traversal techniques. Compare in-order, pre-order, and post-
order traversal with examples and their use cases. .
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14. What is the time l:omp[gxit}«'bf Lmear Seartsh?
a.of) . |\ bLOflegn) c.0(n) d.0(n*2)
15. During| an*“mte* :-x:huol tech competition, students were asked to develop a solution for

managing traffic signals based on traffic density. Which approach best shows their use of
computational thinking?

a. They memorized how traffic lights work in real life.

b. They created a flowchart outlining how traffic signal timing changes with vehicle count.
. They guessed a solution based on theirintuition.

d. They programmed a random timer for each signal.

".
5 Give short answers to the following Short Response Questions (SRQs).
Prablem 1: Finding the Sum of Digits
Problem Statement: Given an integer, calculate the sum nf its digits

i '|I

Solution: Digit Extraction and Summatiqn D \| [(B)o=™
Give samyer of ihe follurog: L/ 71\ WY
a) Algorithm \ o
b) Efﬁciemfy J| ARSI
> Time Cump!exit}f
D Space Complexity
<) Clarity

d) Correctness

Problem 2: Finding the Factorial of a Number

Problem Statement: Compute the factorial of a non-negative integer n (i.e., n!).
Solution: Iterative Approach

Give answer of the following:

a) Algorithm

b) Efficiency

2 Time Complexity e BN \
2 Space Complexity - Oaaral (e e
d) Correctness
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Problem 3; Finding £he Largest Number in a List
Problem Statement. Given a list of integers, find the largest number in the list.

Solution: Linear Scan




R Exercise JASRIE

a Select the bes! ansmr fnr 'lh'é‘fél"luvdng Multiple-Choice Questions (MCQs).
1. Which of El?_g“fglldh*lhgl best defines a datastructure?

‘a. Amethod of communication b. Away to store and organize data in memory
c. Asystem for internet access d. Agraphical interface design
2. Which data structure allows dynamic memory allocation and easy insertion/deletion? -
'a. Array b, Stack c. Linked List d. Queue
3. Inasinglylinkedlist, each node contains:
a. Data and address of previous node b. Only data
¢. Dataand address of next node d. Index value and data
4, The mainadvantage of a doubly linked list over a singly linked list is:
a. Random access b. Uses less memory
c. Allows traversal in both directions d. Faster anthmeﬂcupera{iﬂtﬁ

5. What type of linked list connects thelastnodebad(tntheﬁrsh?
a. Doubly linked list b ttrculaﬂinked\hit ¢.'Singly linkedlist d. Linear linked list
6. Which uperatmn remfwes the topelement from a stack?

a.Eng ueqe' N b. Dequeue c. Pop d. Top
7. Whichnodeina tree does not have any children? '
a. Root node b. Leaf node c. Sibling node d. Parent node
8. Which data structure operatesona Last-In, First-Out (LIFO) principle?
a. Array b. Stack c. Queue d. Tree
9. Which algorithm s used for sorting data? '
a. Quick Sort b. Binary Search c. Depth-First Search  d. EuclideanAlgorithm
10. Whichalgorithm isan example of a Greedy Algarithm? 4
a. Bubble Sort b.HuffmanCoding  c. Depth-First Search d. Binary Search
11. What is the space complexity of the Binary Search algorithm? B
a.0(1) b.O(n) c.O(logn) da;_cﬂﬁfi-j‘:.
12, Which data structure allows random access to Elements b‘f ind ex? Ald
a, Stack q,ueue AR Aray- - d. Tree

13. Aschool wants to au ate the prbcess nf generating student report cards based on input
marks, ﬂh]g:hx;tgp« t computational thinking would most likely involve identifying how to
separate marks by subject, calculate averages, and assign grades?

a. Decomposition b. Pattern Recognition

¢. Abstraction d. Algorithm Design
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-2 Summa:y

P Decomposition; Eirealclng dawﬁ the cnmplex problem into smaller parts, making it easier
to rnanma and sotve For example, building a website involves separate tasks like
designing, coding, backend setup, and testing.

9 Pattern Recognition: Identifying commonalities or trends within a problem or across
similar problems. For instance, in data analysis, recognizing user behavior patterns can
help enhance product design.

2 Abstraction: Focusing on the essential details of a problem while ignoring unnecessary
ones, simplifying complex systems. For example, F:reating a user interface mockup
focuses on key interactions without detailing all technical aspects.

D Algorithm Design: Creating a clear, step-by-step process to solve a problem efficiently,
which is essential in programming. For example, sorting numbers involves using a defined
procedure to arrange them from smallest to largest. :

3 Correct: Produces the desired result fur all vahd 1n|:tuts,~ N i

> Clear: Easy to understand and follow. - _ '. BLAREST

> Efficient: Optimizes reéaurces Lihe mai'mryand I:Ime.

> Surtingﬁl rithm§.l Dr‘ganizedata in a particular order (e.g., Quick Sort, Bubble Sort).

> Searchh*rgilgnrithmﬁ Find specific items in data (e.g., Linear Search, Binary Search).

> Graph Algorithms: Work with nodes and edges (e.g., Dijkstra’s Algorithm, Depth-First
Search).

> Dynamic Programming: Solves problems by breaking them into smaller subproblems and
storing solutions (e.g., Fibonacci numbers).

» Greedy Algorithms: Make the best choice at each step for overall optimization (e.g.,
Huffman Coding).

> Backtracking Algorithms: Explore solutions and backtrack when necessary (e.g., N
Queens Problem, Sudoku Solver).

D Binary Search: Efficient for finding a target value in a sorted array, with a time
complexity of O(logn). ~

» Linear Search: Examines each e!ement sequentially in an unsarted arrav. with a time
complexityof O(n). \ B WL

> Lists and Arrays: Store, elements i‘n muence. al‘lmving randnm access via indices, and
are crucial for. uperanans involving iteration and loops.

> Stacks: Fclltow the Last-In-First-Out (LIFO) principle, commonly used in algorithms like
depth-first search.
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1. Initialize a counter tq F'?I'ﬁ"._ \RARL
2. Iterate through each character inthe string.

3. For each character, check if it is avowel (i.e., one of ‘2, '¢', ¥, o', 'u). '
4, If it is a vowel, increment the counter. . .
After the iteration, the counter will contain the number of vowels.
Efficiency:
Time Complexity: O(n), where nisthe length of the string.
Space Complexity: O(1) as only a counter variable is used.
Clarity: |
The algorithm is simple and clear, involving basic iteration and conditional checks.
Correctness: AN (AT "
This method correctly counts the number of Vuwelsby ﬁahmﬂng\eachcharacter
ARV




3. Thesearch is completed when the targatuatue matg:heswkh an e!ement
4. If the array ends and mmatchts fmmd ?:uﬂcluﬂe that the targetis notin the array.
Time Cumplexity || -

The Linear. Searr.‘h Atgnnthm has the Time Complexity of O(n), because the required number of
operations increase linearly with the size of the input. When the algorithm starts its initial state
is an array of n elements. We check each element in sequence e.g. First element, second element
and so on up to the nth element. For worst case scenario, every single element in the array is
examined before finding the target value (or concluding that it's not in the array).

Space Complexity

The Linear Search Algorithm has the Space Complexity of O(1) - Constant Space. The Linear
search utilizes fixed amount of extra space regardless of the size of the input. It only needs a few
variables tostore the current index and the target value, which does not scale with the size of the
input. Thus, its space complexity is constant.

2.2.4 Case Studies
Problem 1: Find Greatest Common D'lw:lsnr IGCD] f
Problem Statement: Given, tw&htegers ﬂnﬂ their' greatest common divisor (GCD).
Solution: EucudeanAtg?rithm y
Algorithm:/ NN
1. Take twointegersa andbwherea z b.
2. Whileb is not zero:
P Setatob
2 btoa% b (the remainder of adivided byb).
3. When b becomes zero, a contains the GCD.
Efficiency:
> Time Complexity: O(log min(a,b))
2 Space Complexity: O(1) as onlya few variables are used.

. Clarity:

P The Euclidean Algorithm is elegant and clear mvntv{ng a simple lteratwe process to find
the GCD.

Correctness:

Problem 2: Count Numbers of Vowels in a String
Problem Statement: For an input string, count the number of vowelsin that string.
Solution: Simple Iteration




1.Start by e:amining the number in the center af t“he Hst '
2. Check to see whether this mlddle number eqﬁats the one we are looking for.

3. If it matches, wehgveiqtéted the correct number. s
4, If the numbef we are searching for is on the left part of the list. Repeat the process while
ignoring the right side and focusing on the left. .

5. If the number we are looking to get is in the list's right half. Ignore the left side and focus on the
right portion, continuing the procedure again.

6. Carryontofilter across the list till we identify the number or figure out that it is not on the list.
Time Complexity

The Binary Search Algorithm has Time Complexity of O(log n). The binary search divides the
search space in half with each step, this halving process means that the number of elements to
search through is reduced exponentially.

When the algorithm starts its initial state is an array of n elements. At-each. 5tep} we apply the
divide and conquer process. This is done by cnmparing the. targbtvalua r.u the'middle element of
the array or current search range. This cumparhn helprs i elfminartlng half of the current search
range (this half could be either. half of the turr&ntsearch range.

> Afterthe first step, warrave lei‘tw'lth n/2 elements.
> Afterthe seﬁén‘d step. we have left withn/4 elements.
> Afterk steps, we have left withn/ 2k elements.

The process continues until the number of remaining elements is 1 (or the target is found). The
number of steps required is relative to the logarithm of n because we keep halving the problem
size each time. Specifically, the number of steps is log2(n).

Space Complexity
The Binary Search Algorithm has the space complexity of O(logn) - Logarithmic Space. To track the
current state of recursion, the binary search dependes upon the stack. Each recursive step adds
a new frame to the stack. For worst case scenario, the number of the recursions is relative to the
number of times the problem size can be halved, which is log2(n). Thus, the spar:e cnmple:ily is
logarithmic due to the recursive stack usage.
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Example 2: Linear SEar:hAlsorlthm

For Linear search, each eles nt. in the armyis e:amined one by one till the target value is found
orwereachatthe f.lndof ttbarray

Algorithm Steps:
1. Start at the beginning of the array and examine each element one by one.
2. Compare target value to each element of the array .
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often expressed using Big Dnntatinns {e,g‘, u(nf, G[lm}, Ofn‘“i ]]
Time Complexity: SIRBARLRINAS

Time cnrnpleniity manés away to evaiuate efficiency of a solution. Thisis done by estimating the
time required-to solve a problem. While solving a problem, the main outcome of the solution is
algorithm. Therefore, this measures the execution time of an algorithm with respect to the size

of input. The input size refers to problem size and it represents the size of task and amount of
data.

Space Complexity:

Like Time complexity, it evaluates the efficiency of solution but focus on memory used by the
solution. This measures the amount of memory analgorithm uses with respect to the size of input.

When evaluating the efficiency of an algorithm, we often focus on the worst-case scenario. For
instance, we are searching for a specific element in an array by comparing it with each element at
every index, the worst-case situation occurs when the desired element is at the very last index.
Big O notation helps us understand the upper bound of an algorithm's runnjng ‘time or space usage
relative to the size of the input, prnviding g way tD gauge Its efﬁlfien;y i the most challenging
conditions. L

(r \'. I-_ A o

Common Big 0 Hntatinns, (RN

2 0(1) - Con nt'ﬂlpﬁ ‘I’he a[gunth'n's running time is constant, regardless of input size. For
example) | nding a given member in a list involves the same length of time regardless the list
has 10 or 10,000 entries.

*» O(logn) - Logarithmic Time: Algorithm execution time gradually increases with increasing
input size. This is comparable to looking for a word in a dictionary, in which each step reduces
the search space by half.

¥ 0(n) - Linear Time: The algorithm's execution time scales up with input sizei.e. if aninput size
doubles, so does the processing time. One example is a basic loop that goes through each entry
inalist.

2 0(n log n) - Linearithmic Time: This time-based complexity combines linear and logarithmic
growth, It is found in effective sorting algorithms such as Merge Sort and Quick Sort, in which
the algorithm separates the problem into smaller sectionsand processes eacl} one separately.

2 0(n"2) - Quadratic Time: Execution time _increases dmmaﬁcmly '.-fith input size. This is
characteristic of algorithms that use nested [uaps and cﬂmpare every memberin a list to every
other part. When the 1n|1ut s;ze is ﬂouhled the time required to finish the algorithm
quadrup!es o VA

Example 1: Binary Search Algorithm

Binary search is a search algorithm that locates a target value in a sorted array. It operates by

repeatedly partitioning the search interval.
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Introductiun

Machine Leammisﬂ mE"ﬂhﬂd in wh1ch computers learn from existing data to make new decisions.
Acomputer léarns from the predefined rules, which are provided at the time of training it. These
algorithms are designed carefully with the help of raw data and then transforming it into useful
models. These models are assessed based on their performance in various environments. During
these assessments, the models learn patterns and improve their performance. After attaining a
certain level of accuracy, these models are able to predict future values based on the past data
patterns. After analyzing the results obtained by such machine learning models, we can
understand cause and effect relationships in data. In this way, we can use data and computers to
visualize the future results based on existing data

Incoming Mails

spam Filter

' spam mail to a holding area Non-spam mail
{or to the trash ) to your inbox

We can understand it with the help of an example of Email Spam Filter. A spam filter learns from
past emails’ labels whether they are spam or not. When we mark some email in our inbox as spam
the machine learning model learns from the keywords used in that email. Next. time if we receive
an email that contains similar words, which were used in prewnualy Marke{lspam" email, it will
automatically send that email into spar_n folder ATH NN [ :

4.1 Data Types

Data is a collection of. rleuw far;ts and ﬁgures collected from different sources. In data science and

machine leamlnﬁ data fs categorized into various types. The following table provides a brief
description and example of some data types:

LR —— e e ———————1
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It I;lﬂuiﬂt\'tﬂljh data and used to represent | Marks, Salary, Age
L ericat values
Categorical | It is data which has discrete value. It is further | Nominal: Male, Female, Color Categorical:
divided into Nominal data and Ordinal Data, | Rank, High, Low, Small, Large.
Boolean It hasonly two possible values Oor 1. True/False, Yes/No
Text Data It contains a sequence of characters. Description, Review, Feedback
TimeSeries | It is collected over a long period of time, Stock price, weather data
Image Itis represented as a pixel value inthe image. | X-Ray, Ultrasound, Photographs
Audio It is in the form of sound waves. Speech, Music
Structured | It is organized in the form of rows and columns | Spreadsheet, Database
(tables). i
Semi It is organized in some specific formats, but EMLrJSGHﬁl‘g} \ (CO)RE
Structured | thereis no fixed pattem!schena. \C\[§ W 0 Y [
Unstructured | It is without any predhﬂnmtrucimg, ""[ideos, Emails, Web Pages.

Introduction to| Me!lchi ne Learmng

Before going into the core concepts of machine learning, it is important to understand the
foundational topics that make these systems work. These include understanding how models are
trained, evaluated, and improved using data, as well as learning the key metrics used to measure
the performance of these models. The following are some basic but important concepts about
Machine Learning. These are essential building blocks to understand Machine Learning models

and related topics.

4.1.1 Difference Between Machine Learning and Rule-based Algorithms

Machine learning models learn from data to make decisions. They adapt and improve over time as

they process more data. Whereas rule-based algorithms follow fixed instructions. They do not

change unless we deliberately update them. Machine learning can handle complex problems and
nexpected situations. Rule-based systems are simpler and only work well if-the rules are

correct. Machine learning models are flexible and can learn.new' thingé Rula—hasad systems are

consistent but need new rules for different prnlilemm Mathine learnihg is more dynamic and can

handle avarietyofdata. . ()| | - L T

Bath Machine Learning and Hu'le Ba.'.ied algurithms ha\re their advantages and limitations, which is

asfollows: . [[]\

Advantages of Hachme Learning:

It can handle complex and unstructured data. It can automatically learn patterns from data
' without any explicit programming. It does not require expert knowledge of human intervention.
Its accuracy depends on the size of the dataset,
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Advantages of Rule-basedAlgorithms: '- WY
It does not require large dntaselsdt r;an“wnﬂ-'. eﬂ"ectively wlth limited data because it depends
upon predefined rules. ]IF. perfanmnr:e is consistent with the same set of rules. It requires fewer

resources anq can belh‘rplemented easily.
Limitations uf Machine Learning:
It does not perform well if data is too little. Their decision-making process is complex and cannot

be easily interpreted. |t requires significant computational resources. If the model is too complex
it can lead to overfitting. If training data is biased it can provide wrong resuits.

Limitations of Rule-basedAlgorithms:

It has limited flexibility, as it is not adaptable to new data which is not anticipated in predefined
rules. It can provide wrong results if datais unstructured or ambiguous. It cannot learn from data.
If too many rules accumulate it can slow down the system.

#mcmm by
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4.1.2 Model Building in Machine Learning

Model building in machine learning involves several key steps to develop a system that can learn
from data and make predictions or decisions. At first, data is collected and preprocessed to
ensure it is clean and suitable for analysis. This might invnl,ve mmna[mng values, handling
missing data, and encoding categnric:al \raﬂables; After ﬂat& prEpmtessmg, a suitable machine
learning algorithm is chosen based nn the pmblem athand, whether it's classification, regrassion,

clustering, or another t‘,tp& 'Eheﬁ gbﬁthrn is then trained on the dataset, adjusting its
parameters to minmﬂFH errorand imprave accu racy.

During trmhhjlg, the model's performance is evaluated using a separate validation set of data to
ensure its accuracy about new unseen data. Once the model is optimized, it is tested on a final
test dataset to assess its effectiveness. If the results are satisfactory, the model can be deployed
for real-world use; otherwise, it may require further improvements in code. Throughout this
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process, every time the model reads data and calculates results, the atgnﬁthm Iteeps on learning.
Repeated refinement and evaluatiun help m achlewng a model that nerfurms well and meets the
specific needs of the applicatian bR

Step-3

Step-2 Model
Data cleaning building for

and Feature selecting
Engineering correct ML
7 Algarithm

Step-4
Evaluate

Key Terms in Model Bullﬁ.llng using Machine Learning'
To understand ttlél:nti re process of

model building using Machine Data Training Needs
Learning, some key terms are
necessary to understand. We will @ Training data @ Test data

. take a real-life problem, so that we
can better understand each term,
We want to develop a model which
can identify or differentiate the
images of dogs, cats and horses. We
must have a reasonable collection
of images of all the three animals.
Now we will learn each key term
with reference to this example as
following: c =3 \ .
Feature Engineering: Featureengmeenng 1sthe prnce55 nf seiectmg and transforming the most

relevant data features to 1q|prnve a model's perfﬂrmance For example, if you want to predict
that agiven imagei!. ﬂf a dag. ¢at or horse, we have to make a list of common and distinct features

of each animal i.e. size, color, appearance, shape of eyes, ears, hair, nose etc. Our model will
keep data about all possible variation of features of these animals, so that asitting horse cannot.

be confused with the image of a big size standing dog.
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Test-Train Split: A test-train split divides data into two; partm e* trmr}in}data [mam portion) and
test data (smaller portion). In our example wE’decided to make a test train split of seventy and
thirty percent. This ratio. Shﬂﬂld be t:hesén t-nséty If we provide too much data at the time of
training our model will| u't'erﬂt 'If-we provide too little data for training, then the model will
underfit. NI VA

Model Training. Mﬂdel training is the key feature in Machine Learning. It helps the model to make
decisions which are more accurate and meaningful. Without proper model training, the machine
is unable to decide about the new data. Supervised Learning, Unsupervised Learning and
Reinforcement Learning are commonly used Machine Learning models.

In supervised learning, the model is trained using labeled data, where the correct output is
provided for each input. A common example of a supervised learning algorithm is Linear
Regression, which is used to predict continuous values such as prices or temperatures. .

In unsupervised learning, the data is unlabeled, and the model tries to find patterns or groupings
on its own. An example of this type is K-Means Clustering, which groups similar data points
together, such as in customer segmentation. o~
Reinforcement learning involves a model that leamsrhy lhtmctlng with an environment,
receiving feedback in the form of rewards. ﬂr penalties A p&pul&?ﬁlgnrtthm in lhis category is Q-
Learning, often_used in game- p{a}ﬂrrg nr\mbatm ‘navigation where the model learns to make
decisions to maximize {F reWards

Overfitting; [t happéns when a machine learning model learns the training data too well,
including it noise and irrelevant details. This makes the model perform very well on the training
data but poorly on new, unseen data because it's too specific to the training set.

Underfitting: It occurs when a model is too simple and fails to capture the underlying patternsin
the data. As a result, it performs poorly both on the training data and on new data, as it hasn't
learned enough from the available information.

Model Assessment: A Model assessment evaluates a model's performance using parameters like
accuracy, precision, and recall. Keeping in view our example, we provide 100 new images of cats,
dogs and horses which were not part of our train and test data. If our model predicts the correct
' results for 80 images and for rest of 20 images it predicts wrong labels, like it gives horse label for

animage of dog then the accuracy of our Machine learning model is 80%.

Accuracy: This is the percentage of total predictmns that al.'Q cnrrech It tells how often the
model is right overall. e | <k
Cnrrecl: Predictinns
Anr:u
“43}‘ " Total Predictions
Precision: 'ﬁ}jﬂ measui‘es how manyr of the predictions the model made for a certain class (e.g.,
"positive” casesj are actually correct. It's about the quality of the positive predictions.

True Positives
True Positives + False Positives
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Recall: This tells how well the model identifies all rhe actual pﬂﬁitl'ﬂE r:ases rn thE data It shows
the model’s ability to find all the mlevam; mstances )

R&gall V\RAN! Ti-uePumtwes
: |-.--I"":l Tnm Pnsmves + False Negatives

True Positive [TPi " Model predicts"Cat,” and the actual animal is a Cat.

False Positive (FP):  Model predicts "Cat,” but the actual animal is a Dog or Horse.
True Negative (TN):  Model predicts“Not Cat," and the actual animal is a Dog or Horse.
False Negative (FN): Model predicts “"MNot Cat," but the actual animal is a Cat.

F1 Score: It is the harmonic mean of Precision and Recall. It balances the trade-off between
precision and recall. It is very useful when the dataset is imbalanced, giving a single score that
reflects both precision and recall performance.

Precision - Recall

F1 =3,
Seae Precision + Reca]l

o '\ b1

aaaaa

from our huge dataset. If we have a tntal nf hnE hﬂndred theu;and images, the«n we can provide
sixty to seventy thousand lmaﬂues m wr M‘a\hiﬂe feammg Model to leamn. Each picture will
contain relevant labels i nat M or horse if we are using supervised learning technique. These
concepts have bedn already discussed in Grade 11.

Test Data: Test data is a small portion of data that we decide to use for evaluation purpases of our
Machine Learning model. For example, after providing training data when our model is trained,
we can provide unknow images from our dataset and check whether the model provides the right
answer or not. These images will not be given to our model at the stage of training, rather they
will be from that forty or thirty percent of images which were not provided at the time of training.

Machine Learning:

Sample

l

Label dog cat

Human Learning: \ ? AN e

We learn thmu;h _ / (W g
ng Earr Nufk ﬁnse
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4.1.3 Learning from ﬂata

In machine learning, n‘Lbdels ﬁnd
patterns in data. The more data
the model has, the better it can
learn. These models improve
their performance based on

Cat
. feedback from the data. Learning é

from data helps the model make
accurate predictions. Different
algorithms work better with
specific types of data. Learning Cat _
involves understanding trends J

nd s I the e s e G S
model sees more examples, its 7

performance improves. Data quality affects how well the- I'l\Gdﬂl iearns. For example, if our
dataset contains very clear images of cats, dogs Endhnm'.ﬁ thE learn"lng of our model will be good.
Continuous learning keeps the model accurate andfmprnves its accuracy over time. Good data
helps models learn and make better*p'edﬂium.

4.1.4 Algqnthrni Pﬂr Different Data Structures

Selecting appropriate algorithm for Machine Learning model is very important. There are certain
guidelines which help us to decide which algorithm we should select. There are numerous
algorithms available. It is important to understand which algorithm is more appropriate and
provide desired results. The follu{v‘lng are some key concepts to consider while choosing the right
algorithm:

Algorithm selection according to data type:

. 1. Structured data: It is organized in tables with rows and columns. The structured data is
easily searchable and quantifiable. The examples of structured data are databases,
spreadsheets, and CSV files. Traditional algorithms like regression and classification are .
suitable for this type of data.

2. Unstructured data: it is unorganized data and has no specific structure, It includes text,
images, audio, and video files. The unstructured: data | [atks a predefined format. The
example of unstructured data are social media posts, e emalils, and sensor readings. Advanced
algorithms like neural net.wom are witahte for this data.

Supervised leaming labeled data to train models. Unsupervised learning finds patterns in
unlabeled data,. ssion algorithms predict continuous values like prices. Classification
algorithms. sort data into categories. Clustering algorithms group similar data points together.
Neural networks are used for complex patterns and large data. For example, if the data is a
collection of cat images, then there will be very complex patterns like colors, shapes, textures,
position of the cat, angle of the picture etc. Neural networks can handle this complex pattern
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easily. Similarly, if size of our dataset is very Iarge, fur éxample we kake social media posts on the
topic of COVID-19, it will have a hugie number of posf: Neural networks can be trained on many
posts in parallel by using po'ﬂerfu{ computers and GPUs. Therefore, these algorithms are suitable
for such tasks.. Ehmsmg ‘the right algorithm depends on the data type and problem. Matching
algorithms to data structures is key for effective modeling.

4.2 Data Visualization

We are already familiar with the term data visualization in which we used programming
paradigms and Python programming language to visualize Tips dataset. Data visualization is the
graphical representation of information and data. By using visual elements like charts, graphs,
and maps, data visualization tools provide an accessible way to see and understand trends,
outliers, and patterns in data. Additionally, it provides an excellent way for employees or
business owners to present data to non-technical audiences without confusion.

There are many tools that can heil:r us turn data into pictures and charts, makiﬂg it easier to
libraries hke Matplotlib and Seaborn that create charts and graphs R l‘s; speéiiﬁml that s great
at creating statistical graphfcsandwsualrzatlmm __-f- WAV R AV Y

Using these tools, we can create! f.hartsand g(aphs that shnw us patterns and trends in the data.

Different tools are better st ited for dlﬁererit tasks and skill levels. The right tool can help us
present our ﬁn:ﬂngs ina c] rand effective way. Some tools even let us interact with the data,
making it more fun to explore. Choosing the right tool depends on what we want to do with the
data. Good visualization tools help us tell a story with the data, making it easier for others to

understand. 1
KPls i Tables | Barcharts linecharts |  Donut charts
i -'E LK : :: - c -
i W e . § s =
Sl | T JEE |
i t |me|mn|m i o i -
1 ; ! B R R L]
! i - L] L] L]
TreeMaps | BulletCharts |  Scatterplots

4.2.1 Data visualization by using Python
The following code can be used to learn how python libraries can be used to visualize data:
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Q Commands  + Code’ +Tu: \ _‘
= I|!l : .
7.0 n I.hnrym;lﬂr it a short mame “np’
a _-Ii uu m-py to create and manage arrays (tables of numbérs)
“import rumpy as np
) # Isport the 'pyplot’ part of matplotlib and give'it a shert name 'plit’
# We use 'pyplot’ to make graphs like scatter plots and lines
{x) {mport matplotlib.pyplot as plt
o # Isport the LinearRegression class from sklearmn's linear _sodel wmodule

# We use 1t to create a machime learning model that can draw a straight line through polnts
from sklearn.linear_model import Linearfegression

o
# 5tep 1: Prepare the data (study hoers and marks)
£ = np.array([ (1), [2). [3]. [4). [5])) # Input: hours studied
¥ = np.array([10, 8, 38, 48, 58]) B Qutput: marks cbtalned
§ Step 1@ Creote and train the Linear Regression model
model = Linearfiegression()
model . Fit(X, y) .
o L e
£ Step 3: Predlct the sarks based on stud}.r P-uw:- .'I ."#;.’-' !
y_pred = model predict{k) §f ¥ A
» Step 4: Plot the ackuat mma ind m ﬁiﬂlw itn-.-
plt.scatter(X, y, colorr"plug') |\ # Plot real data points in blue
plt.plotfX, , \¢olors' red") # Plet the prediction line Ln red
#l qhh{"} Hnur: vs Marks') # Title of the graph
it xlabel( Hours Studied") # X-axis label
o : “plt.ylabel( ‘Marks Obtained') # Y-anis label
plt.show() # Show the final graph

After executing the Python code by using gougle colab, the following will be the output:

mﬁ-hhﬂhﬂuﬂhﬁ

O Commends 4 Cose 4 Tem
J".—m-u-umr C o veRLIS e e i e s

(IR W b the Flaal ruh
8 = Study Hours vs Marks
'}
H - - o
o HARE\
| "/\-I
o f

1 A8 160 33 30 33 a0 48 a0
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4.2.2 Data Storytelling"""'ﬁ"' O

Data storytelling uses wsuthJ'tﬁcmnmunlcate insights from data. It combines charts, graphs, and
narratives to expiaim hﬂdmgs Agood data story engages the audience and makes data relatable.
It helps in making data-driven decisions by highlighting key points. Clear storytelling simplifies
complex data for better understanding. It shows the impact of the data on real-world issues.
Effective data stories make the information memorable and actionable. They provide context

and meaning to raw data. Data storytelling bridges the gap between data and decision-making. It ¥
turns data into a compelling narrative.

Data Storytelling Example/Case Study
Context: A school wants to improve student attendance,
Data:

> Average attendance rate: 85% _

2 Highest attendance rate: 9th grade (90%) e
D Lowest attendance rate: 12thgrade (78%) -, [\ ([ (200
Story: r AL T B

Meet Jameel, a 13m+gradé“§tudent whn represents our school’s attendance challenge. Jameel
misses an average‘af 5 days of school, which puts him at risk of falling behind. But our 9th-grade
students are showing us that it is possible to do better, with an impressive 90% attendance rate.

What if we could identify the factors driving their success and apply them to our 12th-grade
students?

By doing so, we could help Jameel and his fellows to stay on track and do better. Let's wurk
together to make attendance a priority and support our students’ success!

Key elements:

1. Relatable character (Jameel)

2. Contextual data (attendance rates, absences)

3. Insight (9th-grade success)

4. Call to action (apply insights to 12th-grade students)

This simple story uses data to paint a picture; evoke empathy, and lI’lE[hI"E' acticrn It's a basic
example, but it illustrates hnw data starytelhng can make cnmaple: information mare engaging
and memorable. 2000 DL RO

4.2.3 Formulating Qdéstmns and Data Evaluation

Formulating questiuns guides data exploration and analysis. Identify relevant data sets to answer
| these questions, Evaluate how well the data addresses the queal:mﬂs posed. It compares new data

i with previous findings to see if they align or not. The questions are used to focus on specific data
insights and trends. They are refined after evaluation to ensure the data quality. The good quality
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of questions ensures accurate resvcﬂis. Eﬂh@tiﬁe qgestion formu'.atinn drives meaningful analysis.
Good questions lead hetter data insights. Data evaluation helps in understandmg and
mterpretlng qni:ljngs.. can ‘better understand by the following example that how to formulate a
question and evaluate data:

Topic: Analyzing the Impact of School Breakfast Programs on Student Attendance
Formulating Questions:

1. Does participating in a school breakfast program improve student attendance?

2. Which grade levels benefit most from breakfast programs in terms of attendance?

3. Do students from low-income families show greater improvement in attendance compared to
their peers?

Identifying Relevant Data Sets:
1. Student attendance records
1. Breakfast program participation data

etc ) A ~ Rl
Evaluating Data Qualﬂ:y'r A \US F‘-*"
1. Check for Ttssiphquhmnsistent data

2. Ensure attendance records are accurate and up-
to-date.

3. Verify breakfast program participation data matches student records

This example demonstrates how
formulating questions guides data
exploration and analysis, leading to
meaningful insights and informed
decision-making.

4.2.4 Descriptive Statistics
Techniques
Ther are some descriptive statistical

techniques to summarize and | ~ |\~ 7\ O\
describe data. The basic tEEhniqués Rl ) |

Mean is the average.ﬁue of the' data |
set. Mediari is the middle value when
data is ordered. Mode is the most
frequent value in the data. Range
shows the difference between the
highest and lowest values. Standard




Deviation measures how spread out the values are. Eaﬁan_cg_i;-;hé_'a#érﬁ“gé: ﬂmﬂar&d differences
from the mean. Percentiles indicate values below. whiﬂhacertam péfcentage of data falls.
Histograms display the frequency distribution.of data. These techniques help in understanding
and summarizing data effectively. These statistical techniques are frequently used to get true

insight and makelf_riﬂqméd Hléci"siﬁn's in the Machine Learning Model.

4.3 Hypothesis Formulation and Hypothesis Testing ‘

Hypothesis formulation is the process of making an educated guess or assumption about a
relationship between variables based on existing data or prior knowledge. This assumption, or
hypothesis, is a starting point for investigating how certain factors might influence an outcome. It
provides a framework for testing and
discovering whether these relationships Hypothesis Formulation
exist in the data or not.

For example, we formulate a hypothesis:
“Increased study hours lead to better exam
scores for students.” This hypothesis
proposes a cause-and-effect relationship | .~ [ ¢
between study hours (independent |/ A N VWU
variable) and exam scores (depefident ||\~

variable). A cause-and-effect relationshipis”
the connection bétween two events or
factors, where one event (the cause)
directly influences or leads to another event

(the effect). ' Oritont orttioal
Vol Vakis

Once a hypothesis is formulated, hypothesis 7 T
testing is the statistical process of —
determining whether the data supports or

refutes the hypothesis. It is acritical tool used to validate assumptions, model performance, and
patterns in data. There are two key hypotheses in hypothesis testing, Null Hypdthesis and

Alternate Hypothesis.

In hypothesis testing, statistical tools like p-values and significance tests are used to determine
whether to accept or reject the null hypothesis. It allows us to validate whether(a certain is
statistically significant or merely duetochance. -~ [ 2\ M

4.3.1 Null and Alternative Hypotheses () |\

Null Hypothesis (Ho): This aﬁatéi'tﬁhff there'is no effect or relationship between the variables. It

assumes any obseryed differerices are due to random chance.

Alternative Hypclathesis (H1): This suggests there is a significant effect or relationship between
variables. .

The Null Hypothesis assumes no effect or relationship exists. The Alternative Hypothesis suggests
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an effect or relationship is pi’ES&ﬂL'T_;
Testing aims to confirm qr re;?e\:t 'I:hE nuiL >
hypothesis. The ntil|hypnthe.'.is is the | 4
default aqsumpfhnn that needs to be
challenged. The alternative hypothesis is
what researchers want to prove. Results |
help in deciding which hypothesis is | 3
supported. Both hypotheses guide the
research and testing process. Clear
definitions of these hypotheses are
essential for accurate testing. They
provide a framework for analyzing data and drawing conclusions. Effective hypothesis testing
relies on understanding both types. The following example helps to understand the concept
easily:

Example: "Does drinking coffee improve cognitive function in students?”

Null Hypothesis (Ho): Drinking coffee has no effect on. aagmﬂfefwmtia#iﬁstudents (Assumes
any observed differences are due to mndum ch;ancé ’; ) f

Alternative Hypothesis. {Hﬂ:ﬂﬂ nkhg ﬁ&ﬂe&impm\res :ugmtive functionin students. (Suggests a
significant effect or FE].thnﬂ'ﬂp exists.)

Testing:* ﬂz&ea‘rdaerrs c;ullect data on students' cognitive function with and without coffee
consumption.

Results: If the data shows a significant improvement in cognitive function with coffee
consumption, the null hypothesis is rejected, and the alternative hypothesis is supported.

Conclusion: Drinking coffee has a positive effect on cognitive function in students.
4,3,2P-values

P-values measure how likely results are due to chance. A low
P-value means strong evidence against the null hypothesis. A P-Value
high P-value suggests weak evidence and possibly random
results. Understanding P-values helps in interpreting test
results. It ensures that conclusions are based on reliable |
evidence. Fore example if we flip a coin ten times and we get'
7 time heads and 3 times tale. We might: ::unsider that ::nin 15
not fair, or it just happenedbydwnce. ARIGCAL

We can take another erample to find the eﬁectiveness of a

new fertlllzer Wew%t to see if it helps plants grow taller.
We divide the plants into two groups: one group gets the new —
fertilizer, and the other doesn't. After a month, we measured

the height of the plants and found that the fertilized plants grew taller than the others. Now the
question arises , "Did the fertilizer really make a difference, or did the plants grow taller just by
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chance?” The P-value helps answer this. it tei[s\yrdu the cﬁarﬁefthat the dlfferenc:e in plant height
happened randomly, without the. fm;lllzef ‘having any effect.

If the P-value is small [likef)] DZL Itmeans it's very unlikely the taller growth happened by chance.
This suggests thhtthe fertilizer probably did help the plants grow taller. If the P-value is large
(like 0.5), it means there’s a good chance the difference in height was just random, and the
fertilizer might not have had any real effect. In simple terms, the P-value helps us decide whether
the fertilizer really worked or if the result happened by luck. There are certain formulas or tests -
used to calculate P-values, which are beyond the scope of this grade yet.

4.3.3 Significance Testing

It is a statistical method used to
determine if a result is due to chance or it
is statistically significant. Statistically
significant means it is likely due to some
real effect or factor. Significance testing
helps determine if results are meaningful. - {_~\
It compares the test statisticswith critical J, O — /01 (0 !
value, Setting a significant level helps to, \\ R Mo |
decide the threshold for importance. |- (ot serubcant)|(sgiicont)

Significance testin? helps: 1p]hakirrg data- * T
driven decisions. It s criicial for validating

research findings. For example, if we
formulate aresearch question “ Can exercising for six weeks help lower blood pressure?” The null

hypothesis is “Exercise doesn't affect blood pressure” while the alternative hypothesis will be
“Exercise lowers blood pressure”. For statistical experimentation we collect data from the

people who exercised for six weeks and had a reduction in blood pressure of 8mmHg. The
significant test will be to check if this result is real or just a coincidence. By applying statistical

formula, the P-Value will be calculated which indicates that there is only 0.5% chance of getting '
this result by chance. So, we conclude that since P-Value is very small, that is 0.005 we reject the

null hypathesis and accept the alternate hypothesis. It means that exercising for six weeks likely ,
lowers blood pressure.

4.3.4 Hypothesis Testing
Hypothesis testing evaluates assumptions using statistical methqu*. TheTest 5tatlst1c measures
how much data deviates from the null hypt;thesm Fﬁrpathesmleﬁtlng involves certain statistical

procedures and terms. The termswill be e:pla‘ineﬁ with the help of subsequent example.
Confidence Interval shows :rﬁ range where the true value likely falls. Type | Error occurs when a

true null hypumqsis is mcn}mcﬂy rejected. Type Il Error happens when a false null hypothesis is
not rejected. Power measures the ability to detect an effect if one exists. Significance Level is the

threshold for determining if results are significant. Sample Size affects the reliability of test
results. Understanding these concepts helps in accurate hypothesis testing. They guide in
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drawing valid conclusions fr‘cr{! d.ata H,mu WE wlll explnre each term briefly with the help of a
simple example: NRRRE

Question: ﬂae#dﬁnkmlg cuff-eelmprwe productivity?
Null Hypothesis (He): Coffee has no effect on productivity.
Alternative Hypothesis (H1): Coffee improves productivity.

" Test Statistic: Measure productivity in a sample of people who drink coffee and those who don't.
Calculate the test statistic (e.g., t-
statistic) to see how much the data
deviates from Ho.

Confidence Interval: Calculate a
95% confidence interval for the
average productivity increase with
coffee consumption. If the interval
is (5, 15), we're 95% confident the
true productivity increase falls
between 5 and 15. BERVARIAO RN
Type | Error: Rejecting Huwﬂ‘mn s L DS

actually true (i.e.; has no
effect). Thi& dEEL:‘zﬂ\e:hen we
conclude coffee improves productivity when it doesn't.

Type llError: Failing to reject Howhenit's actually false (i.e., coffee does improve productivity).
This occurs when we conclude coffee has no effect when it actually does.

Power: The ability to detect a real productivity increase if coffee actually improves it. A larger
sample size increases power.

Significance Level: Set a = 0.05 as the threshold for determining if results are significant. If p-
value <0.05, we reject Ho.

Sample Size: A larger sample size (e.g., 1000 people) provides more reliable results than a
smaller samplesize (e.g., 10 people).

By understanding these concepts, we can accurately test hypatheses and draw valid conclusions
from data:

2 Hypothesis testing evaluates assumptions using statfstfcal me;huds
<> Test statistic measures tiewal:iun fmm Hu

2 Confidence interval ffstim at.eﬂruevalum

> Typel/ ILErrmmcdr {from incorrect assumptions.

> Power detects real effects.

2 Significance level sets thresholds.

2 Sample size impacts reliability.
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These concepts help us mal-r.e informed denmns based nn data arnatws
4.3.5Steps of Sirnple Hmthesli Testing

Simple hyputhemtﬂmng lmfulves a certain sequence of steps. We can list them as follows:
3 We start by formulating null and alternative hypotheses.

D Collect data and perform the analysis.

2 Calculatethe test statistic frqml the data.

& Compare the test statistic with the critical value to draw conclusions.

<2 Determine the P-value to assess significance.

& Decide whether to reject or not reject the null hypothesis.

2 Usethe results to make data-driven decisions.

2 Interpret the findings in the context of the research question.

2 Report the results clearly with appropriate visuals.

Therefore, hypothesis testing helps in understa nding basi-: data re!.hﬁmshmm

4.3.6Creating Dashboardswith it hon '

Adashboard is a visual tool thaJ: helps tu mﬁ‘erstand data by displaying it in the form of charts,
graphs, tables et f‘ Wc t:aﬂ create these dashboards by using Python programming language. In
Python Dash is a framework developed by Plotly to create interactive dashboards. Dash allows us
to build dashboards by combining Python's powerful libraries Plotly for interactive charts and
Dash for building web layout. The following is a simple code to create a dashboard: _

(o AR .

o Commands 4 o + Tewd

n @ 'rip imstall dash @ ptap 1 Dapert mecamsary Libreries
Ipip fncrall pletly

@ fmpart daih
from dish lapert dec,

i Isport plotly.express s o
lmport panday i pd

t # liop 11 Crante sasple data (e.g.. sales dls Gwer Entha)
O

data = pd.Datafr
"ln:r:‘f';ﬁr, "hepruary®, “march®, “Arll”. "Mer®],
“Sales*: (1w, 208, 189, D09, 29
’] i .- "".
A Cradts & wispls lina plot with Plotly e [P
::I.;“ 1!-1d.|t.- n"Month® , 'pi-“l.l:l.n title-"Salas Over 'Hu'j .

¥ fap 4 Baitislizy the Desh mpp
app = fash.Dash)

" jmp §: mu-h,-:f-u-ﬁuhﬂ Sl
app. layout = hial . Biwchi \
hrt-l m['ii.yh-lﬂn

s,
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A Glussaru

» Machine tearmna mql:leis. tEarn frnm data to make decisions.

» Rule baieh ﬁigurithrns follow fixed instructions. They do not change unless we

deliberately update them.

» Model building: is the process of creating a mathematical or computational model that

represents relationships between variables in data to make predictions or gain insights.

» Feature Engineering: Feature engineering is the process of selecting and transforming

the most relevant data features to improve a model's performance.

» Training Data: Training data is the main dataset used to teach a model to make

predictions or decisions.

> Test Data: Test data is a small portion of data that we decide to use for evaluation

purposes of our Machine Learning model. AR
Test-Train Split: A test-train split dmdes data mtu twn parta i;E trammg data (main

'.

portion)and test data {smaller portlun} -5 WY

» Overfitting: It happens when amaqhinea[earnmg muclel leams the training data too well,

including its noise anqj]rret&vantdetalts This makes the model perform very well on the
training datal but poorly on new, unseen data because it's too specific to the training set.

I.Imierﬂtting It occurs when a model is too simple and fails to capture the underlying
patterns in the data. As a result, it performs poorly both on the training data and on new
data, as it hasn't learned enough from the available information.

» Model Assessment: A Model assessment evaluates a model's performance using

#

parameters like accuracy, precision, and recall.

» Accuracy: This is the percentage of total predictions that are correct. It tells how often

the model is right overall.

> Precision: This measures how many of the predictions the model made for a certain class

(e.g., "positive” cases) are actually correct. It's about the guality of the positive
predictions. A

. Recall: This tells how well the rnndelidenhﬁes all the actualms:twe n;asesm the data. It
shows the model's ability to ﬁnd allthe relei.rant mstam:ﬂ -

2 Structured data: is urganized in tablﬁmm rows and l:nlumn!;

;

> Unstructurejd dltﬂ.\iﬁllides text, images, and more.
> 5upervised learning :uses labeled data to train models.

» Unsupervised learning: finds patterns inunlabeled data.

» Regression algor..nms: predict continuous values like prices.

({ Hational Book Foundation



2 Classification algorlthms‘ Suft data mtu categnnes Clusteﬁng algorithms group similar
data points tuge&l'rf'r i
> Heumpdetwbrkj.: are used for complex patterns and large data,

> Predictive outmmes forecast future events based on existing data patterns.
D Causality: shows cause-and-effect relationships

2 Model interpretation helps us understand how a model makes decisions. It explains why
the model gives certain predictions.

2 In healthcare: it predicts disease outbreaks and helps diagnose conditions.
> Infinance: it detects fraudulent transactions to protect accounts.

> Retailers use it to personalize shopping experiences for customers. Transportation
companies optimize delivery routes tosave time.

2 In agriculture, it monitors crop health for better yields.

<» Education systems tailor learning materials to individual needst U,se c%!ses show how
machine leamning can solve practical problems af

| '___.--' '|I Ly
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> Entertainment: platforms recnmmend muﬁe: pr sﬂnga h;hsed on user preferences. They
highlight the impacLan l:lbeneﬁts ﬁt‘appiying 'machine learning.

2 Data st«:rwte{lil'iq.I uses viMals to communicate insights from data. It combines charts,
graphs gnﬂ nglrrjatives to explain findings.

D Reading and critiquing data stories helps improve understanding. To get a clear
understanding of the data story look for clarity and accuracy in published visuals.

3 Clarity of Purpose: Agood data story should have a clear goal or message. The first stepis
to understand the objective.

> Data Accuracy and Source Credibility: The accuracy of the data is fundamental. The
sources of the data used in the story should be accurate and credible.

D> Relevance: Relevance means that the data and narrative should be directly connected to
the main topic or issue being discussed.

> Insight: refers to the deeper understanding that the data story provides beyond just
presenting facts. A good data story should reveal patterns, trends, or cnncltxslms that
help the audience learn something new or make better decisions.

2 Persuasion: Persuasion is about how well the data stunir anﬂuﬁ}cﬁ ﬁr convl’mes the
audience to take an action or currsidera parﬁcularpnint of view

?d Formulating questtons. gmdesﬂata exp{dratian and analysis Identify relevant data sets
to answer these g stians Eafaluate how well the data addresses the questions posed.

> Dem%lf;._guﬂnlcal techniques: include Mean, Median and Mode. Mean is the




average value of the data set. Median is the middte v:ah.!e When data is ordered. Mode is
the most frequent value Iﬂtht'.,‘ data

2 Hypothesis fa[mutahph isthe pmcess uf rnalung an educated guess or assumption about '
a relationshi prJJEtWEt-;-n variables based on existing data or prior knowledge.

¥ Null Hypothesis (He): This states that there is no effect or relationship between the n
variables. It assumes any observed differences are due to random chance.

3 Alternative Hypothesis (H1): This suggests there is a significant effect or relationship
betweenvariables.

3 P-values measure how likely results are due to chance. A low P-value means strong
evidence against the null hypothesis. A high P-value suggests weak evidence and possibly

random results.

3 Significance Testing: is a statistical method used to determine if a result is due tochance
or it is statistically significant. Statistically significant means it is likely due to some real
effector factor. N

3 Hypothesis testing: evaluates assumptions using statistical matlfﬂds 'Fhe 'ﬂ?st Statishc
measures how much data deviates from the nu{l Hymthe:.is Hmbt!‘iesls testing involves
certain statistical prucedums and termsﬂ \\., B

2 Visuals: help in preser Tng ﬁhe rﬁuit's'ﬁf hypothems testing. We can use graphs and charts
toshow data;pstnbuﬂianﬁ These visuals can illustrate the test statistics and P-values.
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Exercise ARANIEEE

E Select the best answer fur thé fqllnwlng Multlple-Chmce Questions (MCQs).
1. The spam filter. lﬁﬁﬁed ta do which of the following tasks:
' a. It halps to delete all emails
b. It learns from past emails to identify spam emails
] c. It increases the email storage capacity

d. It mark all the emails to spam

2. Overfitting in a Machine Learning Model leads to:
a. The model performs poorly on training data
b. The model performs well on training data but poorly on new data
c. The model performs equally well on all types of data
d. The model does not generate results at all

3. The feature engineering involves: e
a. Collecting raw data . ﬂ.-\;--x; ",iﬁ-_;--;, "a.ll__::;;:E:i? JUBE
b. Transforming and selechng retévaﬁt’ﬂafa featum
c. Testing the mudel‘ ac:ﬂi'ac? \“\ : o
d. Calculating, the[r$igmﬁmnce ‘of the model

4, What iipj'ecﬁmn in a Machine Learning Model?
a. The percentage of total correct predictions
b. The measure of how many positive predictions are correct
c. The measure of how well the model identifies all actual positive cases
d. The percentage of training data used

5. How does continuous learning impact a Machine Learning Model?
a. It reduces the model's accuracy over time
b. It helps the model improve its performance by adapting to new data
c. It makes the model slower to process data
d. It simplifies the model’s decision-making process

6. How does storytelling enhance the cummunlcauun uf data m;]ghu?
a. By focusing solely on statistical ana‘mis LT ) -. \ | oy
b. By using visuals and nafrative 'I'.a make ﬁata relatahle and engaging
c. By ignoring t:mn?lex data mtterns
d. By minimizing the use of charts and graphs

7. Which of the full_u*mng statements describe a Null hypothesis?
a. It proposes that there is a significant effect or relationship between variables
b. It assumes that observed differences are due to random chance



E— T

c. It is the hypothesis that researchers want tg dlsprmre "':_'_;, RE
d. It is a statistical method used to rneamre vaﬁabiliity
8. In hypothesis testing P- Vahle inmcate:
a. The probability that!| the null hymthes;s is true
b. The pmhkﬂaihty that the results are due to some random chance
¢. The significance level for the test statistics
d. The confidence interval for the hypothesis
9. Why is it important to use visuals effectively in hypotheses testing?
a. To replace the need for statistical analysis
b. To present data in a more understandable manner and enhance communication
¢. To make the data collection process easier
d. To avoid need of a hypothesis formulation
10. In evaluating the credibility of a data story, which factor is least important?
a. Source of data b. Clarity of the vasuaJ. presen;atpan
c. The time of day the data was collected d. REIEvanﬂe lnthe tnpiﬂ
11. Amodel shows 98% accuracy. but premswn ancl reﬂa‘ll m'e bﬂth bel-:lw 60%. What is the
most likely issue? AT O BSUS
a. The model is uqderﬁttlrjg She b. The data is imbalanced
c. The rnod‘eI Is averﬁttmg d. Labels are missing in training data

12. Aretail analyst wants to segment customers to discover hidden shopping patterns without
any labeled categories. Which approach is most appropriate?

a. Logistic regression b. Clustering
c. Decision trees d. Linear regression

5 Give short answers to the following Short Response Questions (SRQs).
cxplain what ‘Feature Engineering’ is and give an example related to image classification.
Describe the difference between 'Overfitting' and 'Underfitting' in Machine Learning.
What is the purpose of Test Data' in evaluating a Machine Leaming r'nodel" —
Define ‘Model Assessment’ and list two metrics used for it. . - ({0 UL
what is the main goal of 'Data Uisualizatiafn in- dapa analysw? f L=

. What is 'Data Storytelling" and why is ;t 1rriportarit?

How does continuous legrmng beneﬁt a Machine Learning model?

~ 8. Explain the: l;efrh 'I'éserraun Split' and its importance in model training.

9. How does the significance level affect hypothesis testing?
10. Describe how you would identify and mitigate bias in a pul:-lis.i';ed data story.

11, What are the key steps in hypothesis testing and why are they important?
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12. Explain the role of staiﬁ&a"ru ﬁg’ﬁaﬁﬁéﬁﬁi'hﬁdemtanding data variability.

13. How can dfssgrq;tﬂé statistics be used to summarize a large data set effectively?

14. How duas the concept of statistical significance suppart or challenge conclusions in
\ experimental research? Explain with-an example,

15. How can data visualization bridge the gap between technical analysis and non-technical
audiences? Explain with a real-world scenario.

_": Give long answers to the following Extended Response Questions (ERQs).

1. Discuss the differences between Machine Learning models and Rule-based Algorithms,
including their advantages and limitations.

2. Explain the process of model building in Machine Learning, including data collection,
preprocessing, training, and evaluation.

3. Compare and contrast Predictive Models' and 'Causal Mndeis,adisc;,lss.ing iheqr uses and

limitations. ~ XN (7o o=

.\4,.. |

4. Discuss how formulating good researeh quﬁﬁbnﬂmﬂuehqas the quality of data analysis.
Provide an example ui huwa wgl,l—?oimulafed question led to meaningful insights in a
| study.

5. Examlflf‘!.hé« m)céss r.'.-f hypnthes.is formulation and testing in a real-world context. How
do null'and alternative hypotheses guide research and decision-making? Illustrate with a
relevant example.

6. Critique a published data story for its use of clarity and accuracy. Identify any misleading
or biased elements and suggest improvements.

f 7. Explore the role of p-values in hypothesis testing. How do they help determine the
significance of research findings, and what are their limitations?

. 8. Analyze the steps of simple hypothesis testing and their importance in validating research
f findings. How dnf.-s each step contribute to drawing accurate conclusions?
| 9. Discuss the challenges in ensuring data accuracy and relevance in a data story. How can
| these challenges be addressed to improve the credibility of the data story?
10. Evaluate how feedback can be used to refine data storytelling techniques, Provide
examples of how construciive critirism can lead to mare Eﬁé{ﬁve data presentations.

11. Discuss the challenges in ensuring datﬂrﬂﬁﬂui'ﬂﬂjf and réjevance in a data story. How can
these challenges be addressed to imprw&the credlbﬂity ‘of the data story?

|' 12. Evaluate how feedback can' be| u:ed to refine data storytelling techniques. Provide
, exampleﬁ gf hawﬂdnsmlttive criticism can lead to more effective data presentations.
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(m Activity 1: Feature- Engineering Exerc'lse’ )

ﬂ:je:tive. Identifyand hstﬁ:ﬁtureafura gwen dataset i.e. images of the animals.

1. Divide the stud&m ta ifite small groups depending on the available resources and strength of the class.

2. Helps the students to find some pet datasets from the internet. For example “Cats vs EaEE
Dogs” dataset from https:/ /www.kaggle.com/c/dogs-vs-cats or i R
Oxford pet dataset from https://www,robots,ox.ac.uk/-vgg/data/pets/ L

3. Ask the students to select relevant features that can help classifying images of dogs,
cats and horses.

4. Supervise the students to identify new data and make predictions about the unseen
data based on theinformation leamed fromthe dataset.

Outcome: This activity will help students understand how Machine Learning Models
learn data and make predictions about new unseen data.
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f“‘! Activity 2: Data Story Criﬁqu&.w )~ VY T
Objective: Students will pracﬂm :nﬁ;uihg dhl:}nmﬂ; 'hy evaluating clarity accuracy insight and
persua.ﬂun
~ ] TSNS

. Divide the stpdents ﬂ'ltogmall groups depending on the strength of the class.

1 Assignor let Eﬁem choose adata story of their own cholce e.g. economic trends, social media usage,
prices of smartphones, performance of various video games etc.

J. Each group evaluates their assigned story using the critique framework,

4, The group present their story to the class and provide feedback on how the data story can be
improved

Outcom=: This activity will help students develop critical thinking, collaboration, communication and

dataanzlyais.

\_ ' 3 .

g{‘ﬂ Activity 3: Hypothesis Testing Role Play )

. _.I . — [ , '1
Objective: Tohelp students simulate hypothesis testing, usmrealmﬂﬁtumgles

1. Assign the students various roles like researchers, statimmaﬁs subjects and create a scenario suchas
“ﬂuesincreasedstudyhuummpmw grades?™. | |\~

2. Students playing the role of rﬂ&arth&n will furmulate null hypothesis and alternate hypothesis.

3. Students pta}‘lnFthEIotE{ statisticians will analyze data provided by the teacher.

4, Students p’:a)*hg the role of subjects will helpinterpret the results and make decisions based on data.

Outcome: This activity will help students to develop the skills of hypothesis formulation, statistical

reasoning and decision making.
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Activity 4: Implﬁﬂentatmn ufJMﬁhina Learning by designing an interactive
dashboard " 1\ 1} | 1L

' m A j; Ouundmtmd how to design and create interactive dashboards by simplating a
oject.
N 1. Assign students different roles like: Data Collectors (gather and clean the sample data), Dashboard

Designers (design how the dashboard will look), Graph Makers (create plots and graphs using Plotly),
App Builders (set up the layout and run the Dash app)

+ | 2. Create a scenario like, The school principal wants a dashboard to track students' peffmname across

subjectsand attendance trends.

3. Students playing the role of Data Collectors will organize basic data, such as students’ marks and
attendance percentages.

4, Students playing the role of Dashboard Designers will sketch or plan which graphs and filters should be
on the dashboard.

5. Students playing the role of Graph Makers will use Plotly to create charts like bar graphs, line charts,
and pie charts.

6. Students playing the role of App Builders will use Dash tu aﬁsem.ble ewmmng into a working
dashboard and runit, T =\ o

-! I| I.r fo. _.!:-.:_.
Outcome: This activity will help studentsﬂﬂetoh skﬂlg iq Ela;a qrganizatinn Data visualization, Basic

app development, and Cottaborative \pri Ei;t work. They will also experience how real-world data
Ldashboards are mnltbytaam;wumﬁgfgnﬁ% .
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