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

b

|

. use more advanced programming constructs such as data structures (lists etc.), file |
handling (disk |0 to write to storage), and databases in Python. E

. implement complex algorithms that use lists etc. in Python o e a0
.. determine meore advanced techmques [un}t teﬂs; breat&ﬁohms, ﬁugatchés”} f::-r testing | *

and debugging their cnde in Pythﬂh V) l
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Give answer of the fnll:mring . - 5 AL
iR 1 f :t.__. | , "I__.'._.'- Al

b} E‘ﬁde“cy 0 | : 1 hY |\___.

2 Time Cﬂmplemty

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:
S Nlgoriths o e
b) Efficiency NG
2 Time Complexity . A0 WA Y
2 Space Complexity 2\ | 0L o
CI L'larity = '-‘J: ."-, AR :
d) Correctness \!-'ﬂ_"uli?:ﬁ.}\:‘-;_l\__l
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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
& Time Complexity
> Space Complexity
<) Clarity
d) Correctness _ P -
= [ '\- ”_,l‘n ...'. : .ﬂ b I' "..f bt
6. How can abstraction help a student create a simple trmtahteapp for sr.hnul?
7. Ashopkeeper wants to use a program to quiﬁ&lyw aprhduct in a long list. Which type of
algorithm should they use and wh)r? WIS
' Give long ap&wefsmé l:hﬂr 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 clanty Which is more suitable and
why?
r Descnbe 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 mnwieﬂty'bf LmeanSgarm?
a. 0(1) R b ﬂ[l.agn'j c.0(n) d. O(n*2)
15. Durirg mmte}-ﬁchﬂol 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 foreach signal.

"'.-
& 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 qf its- ﬁlglts.f =, i\
Solution: Digit Extraction and Summatign Ny “\x, '-i ”
Give answer of the fullnwing *
a) Algorithm 'gj P
b Efficiency. [T FJ '

> Time | Curnplexity

2 Space Complexity
c) Clarity
d) Correctness

Problem 2: Finding the Factorial of a Number

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

Give answer of the following:

a) Algorithm

b) Efficiency

2 Time Complexity B e )
2 Space Complexity  Naara W @le
d) Correctness

R e | B

Problem 3; ;mmgilxe Phraast Number in a List
Problem Statemnt. Given a list of integers, find the largest number in the list.

Solution: Linear Scan
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ﬁ Select the bes! answar fnr lhe fullwdng Multiple-Choice Questions (MCQs).
. Which of the fﬁllm-dng Bést defines a data structure?

‘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 ¢. Linked List d. Queue
3. Inasinglylinked list, each node contains:
a. Dataand 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 anthmﬂcﬂpmtjom

5. Whattypeufunkedustcunnectstrmiastm;lemckmtﬁeﬁrst?
a. Doubly linked list ta Etrculuﬂinketl\llit Lﬁingfylmkediist d. Linear linked list
6. Which uperatmn remqus the Mpaélement from a stack?

a. Enqueve/ AN 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
B. Which data structure operatesona Last-In, First-Out (LIFO) principle?

a.Array b. Stack c. Queue d. Tree
9. Which algorithm is used for sorting data? |

a. Quick Sort b. Binary Search c. Depth-First Search  d. EuclideanAlgorithm )
10. Whichalgorithm is an example of a Greedy Algorithm?

a. Bubble Sort b.HuffmanCoding  c. Depth-First Search d. Binary Search
11. What is the space complexity of the Binary Search atgun‘thm?

a.0(1) b. O(n) c.0flogn) _ oy 4-.@@?5}\1
12, Which datastructure allows random access tqelements br im:lgxz Ak

a, Stack b. Queue - A Array — - d, Tree

13. Aschool wants to auts nate the pmcess nf generating student report cards based on input
marks, Whlq:h sl:ep\ 3 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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D3 ﬂecumpuﬁitinn*ﬂreaklng dmvﬁ the cﬂmplex problem into smaller parts, making it easier
to manme and sntve For example, building a website involves separate tasks like
designing, coding, backend setup, and testing.

2 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, Freating a user interface mockup
focuses on key interactions without detailing all technical aspects.

» 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. -

> Correct: Produces the desired resuilt for all valid lnj:aruts,~ Q V'8 (B Ol

b T
1 JL s
otk

) Clear:Easyto understanﬂ and fnlln»w "-, |

> Efficient: Optimizes resguﬁ;es Lik&ma?ﬁuﬂand time.

> Snrtingm orif hm?,l prganiiedata in a particular order (e.g., Quick Sort, Bubble Sort).

> Searchhﬁgiignrithm& 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).

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

3 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
complexityof O(logn). - G

2 Linear Search: Examines each etement sequentiallwrfan unsarted arfav. ‘with a time
complexityof O(n). A AR A WA )

3 Lists and Arrays: StDFEElemEntsi'ns\equente alinwing random access via indices, and
are crudal for: operanons inva[wng iteration and loops.

> Stacks:. Féltowthe Last-In-First-Out (LIFO) principle, commonly used in algorithms like

depth-first search.

2]




1. Initiatize at:ounter%q;em. WA =T
2. Iterate tm:iugh each character inthe string.

3. For each character, checkif it s avowel (i.e., one of a', '¢', 1, 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 n isthe length of the string.
Space Complexity: O(1) as only a counter variable is used.
Clarity: |
The algorithm issimple and clear, involving basic iteration and conditional checks.
Correctness: SN (P :ﬂ
This method correctly counts the nurnher cf Vuwels b‘;r e&r&luaﬂni\each charé;:ter
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3. Thesearch is completed whenthe targanatue mat:hes wi:h an element
4, If the array ends and mﬂ’tatchis fmmd Mluﬂe that the targetis notin thearray.
Time Cornptexﬂ;r :

The Linear Searr:‘h Atgunthn 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 & E@R
Problem 1: Find Greatest Common Divisor(6¢D) | 7| (1| | (57
Problem Statement: Given tvm1nfegemﬂnd their greatest common divisor (GCD).
Solution: Euclﬂe\g}l\ﬂfﬁ?ﬂthﬂt
Algorithm:| N
1. Take twointegersa andbwherea z b.
2. While b is not zero:
> Setatob
2 btoa%b (the remainder of adivided byb).
3. Whenb becomes zero, a contains the GCD.
Efficiency:
<» Time Complexity: O(log min{a,b})
2 Space Complexity: O(1) as only a few variables are used.

. Clarity:
% The Euclidean Algorithm is elegant and ﬂlear mvntﬂﬂg a simple uer&twe process to find
the GCD.
Correctness: 0 Vol =

-

i crvectly finds the GCD based on the mathematical properties of division

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




Algorithm Steps: o 6 :._" '."- : R .x i \ A
1, Start by examining the number in the :enter Qf th’: hstf Wy

2. Check to see whether this miﬂdle mmber eauats the one we are looking for.

3. If it matches, wehawlqtéted the correct number.

4. If the number 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 stef; ‘We apply the
divide and conquer process. This is done by comparing the. targblvalu& to the'middle element of
the array or current search range. This cﬂmparm helﬁs*m elfmina;ing half of the current search
range (this half could be efther]malﬁ of the i:urremsearch range.

D Afterthe first step, wghiwe leftwith n/2 elements.

D> Afterthe second step, we have left with n/4 elements.

> Afterk steps, we have left with n/ 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 t:omplemy is
logarithmic due to the recursive stack usage. o el

Example 2: Linear SearchAlgorithm .- i

For Linear search, each eles nt in the;rrayis e:amined one by one till the target value is found
orwereachat thr.- f.'ndof untarray

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 Blg Dnntannns {e,g.r. ﬂ(nf. '}[isﬂnh Ofn*zn
Time Complexity: b ANANA B

Time cnrrq:tle:;ity mwﬁﬂés arway to evaiuate efficiency of a solution. Thisis done by estimating the
time requirédtn 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 an algorithm 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 aigunthm 'S mmmgti‘ma or space usage
relative to the size of the input, prwidfng 2 way t{} gauge ttsvefﬁﬁien;}t iithe most challenging
conditions. N\ A0 0 _.__ LA
Common Big 0 Nntatinm: AR\ _';\\5"-*"" =
% 0(1) - Con: ntTilp!é The a[gnnthn's running time is constant, regardless of input size. For
example, di’ng 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 dra(mﬂrttally with tnput size. This is
characteristic of algorithms that use nestedloeps am:l cﬂmpa.re every memberin a list to every

other part. When the input m is aﬂu-hlad the time required to finish the algorithm
quadruples. LA

[

e [ SN, o .. o <
I i
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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Intrﬂductiun

Machine Leamwg‘is awiefhﬂd in wh1r.h computers learn from existing data to make new decisions.
A computer 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 an 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 "prewﬁﬂsly mark&dﬂpam" email, it will
automatically send that email into spa[n folder RN R A =l .

4.1DataTypes ") S

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

machine leamlng data fs categorized into various types, The following table provides a brief
description and example of some data types:
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It lgquant’iia’tr!'h data and used to represent | Marks, Salary, Age
ﬂmrﬂtrfcat 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 has only 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). o
Semi It s organized in some specific formats, but | XML, JSONftes: | (1)
Structured | thereis nofixed pattemficheng. Qi A ey '\ Vi [ LS
Unstructured | It is without any predeﬂned,st‘nﬁm@ A Wﬁg&a, Emails, Web Pages.

Introduction to h'lz!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

unexpected situations. Rule-based systems are simpler and only work weil if-the rules are
correct. Machine learning models are flexible and can learn. nem? thi?rgé Rnle-h‘ased systems are
consistent but need new rules for different prﬂhlemsf Mﬂth‘lnﬂ lE&rmhg is more dynamic and can

handle a varietyofdata. . | o TN LAV W)
Bath Machine Learning and p.ule Baﬁ&d algnﬁthmrs have their advantages and limitations, which is
asfollows: [/

xlx

Advantages of Machine 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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Advantagesof Rule-basedAlgorithms: - ('
It does not require Im‘gedﬁta;eﬁdt ::&n\um’k eﬂ"ectively Wlth limited data because it depends

upon predefined rulﬂs Its perfan'nance is consistent with the same set of rules. It requires fewer
resources and canhélhplemented 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. It 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-based Algorithms:

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.

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 andr preprocessed to
ensure it is clean and suitable for analysis. This might inw:lve mnn&[mng values, handling
missing data, and encoding categnrical vaﬂabl.es; Aftér ﬂaﬁa prapmt‘essmg, a suitable machine
learning algorithm is chosen based nnthé iJIﬂb[F_.‘jTI athand, whether it's classification, regression,
clustering, or another v,pa; The aigbﬁm:n s then trained on the dataset, adjusting its
parametersto minitnigh errorand imprave accuracy.

During trmhhjlg, ‘tl'te 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

mmn-mu-ﬂ *m-m----mm-nm .
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process, every time the model reads data and calculates rasulti, ~the algnﬁmm Ireep:: un l.earmng
Repeated refinement and evaluation help 1n achlewng a rmdel that performs well and meets the
specific needs of the applicatiﬂrh T D R

Step-3

- Model
Data cleaning butlding for
and Feature selecting
Enginesring carrect ML
s Algorithm

Step-4
Evaluate
modal

Key Terms in Model Building usfngMachine Learning'

To understand EtﬁLntire 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: T \ B
Feature Engineering: Feature. engmeenng 15&1& pmﬂess ﬂf selectmg and transforming the most

relevant data features r.q 1q|prnvg -a model's performance. For example, if you want to predict
that agiven imagqu.‘bf a ddg. ¢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: Atest-train split divides data into two; paftsq .~E t’ramingdm [mam portion) and
test data (smaller portion). In our example wa’demded to'make a test train split of seventy and
thirty percent. This ratio. Shnﬂld be f;hosén wisély. If we provide too much data at the time of
training our model mu nverﬂt. 'If-we provide too little data for training, then the model will
underfit. < ([N

Model Trair{'i'ng: Model 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. A
Reinforcement learning involves a model that leamsrby mteractmg wttl'i an environment,
receiving feedback in the form of rewards. or penalties A p&pulai‘ﬁignﬁthm in this categoryis Q-
Leaming, often used in game p{airlrrg ni:rﬁbotm ‘navigation where the model learns to make
decisions to maxi mize its FEWArds

Overfitting; \ﬁ“ happs.{hs ‘when a machine learning model learns the training data too well,
including its 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 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. 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
an image of dog then the accuracy of our Machine learning model is 80%.

Accuracy: This is the percentage of total predrctinns that are. \':pl'naﬁct1t It tells how often the
model is right overall. - oa Sleand e NN _'"'_'%- :
Currect P&‘edictions
&mmc}r
. ~ Total Predictions
Precision:. T)@s’. measures ﬁow manyr of the predictions the model made for a certain class (e.g.,
"positive” cases) are actually correct. It's about the quality of the positive predictions.

True Positives
True Positives + False Positives

Precision =
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Recall: This tells how well the model identifies all the ac;uaT pdﬁitlwec&ses in the data It shows
the model’s ability to find all the relevam; fnstance‘s BV Sy

x':."-'

True Positive [T‘ Pi Mndel 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 Megative (FN): Model predicts “"Not Cat," but the actual animal is a Cat.

Rega[l# LA " "True Positives '
NNE True Pusmves + False Negatives

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.

F1 "y Precision - Recall
Score = 2 B recision + Recall

Training Data: Training data is the main dataset used to teach a mt&ﬂel tamikapredmtmns or
decisions. In our example we will provide a reas-;lnablfaﬂurnbe? of i 1rrrarges-ﬂf dogs, cats and horses
from our huge dataset. If we have a tntal*nf one' hundred,thbusan-el images, then we can provide
sixty to seventy thousand lmﬁges 0o, wr M‘a\hiﬂe fearmng Model to learn. Each picture will
contain relevant lﬂbﬁlﬂ Gat, dog or horse if we are using supervised learning technique. These
concepts haveb-pén ﬂlﬂ;'a ydlscussed inGrade 11.

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

T
LYY

Label

dog

Human Learning: iy e S

i '. I.--:|_'. (Y "_ "_:. L) e A

We learn thmu;b L
and Eaf ﬁh:k ﬁnse
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4.1.3 Learning frumﬂata

In machine learning, mbdels find |

patterns in. data. The more data
the model has, the better it can I
learn. These models improve

Cat
their performance based on I x
Dog

+ feedback from the data. Learning
from data helps the model make
accurate predictions. Different
algorithms work better with
specific types of data. Learning L Ca
involves understanding trends
and patterns in the data. As the
model sees more examples, its e -
performance improves. Data quality affects how well J:qumdfdﬁl iearnrs. i‘{ar Example, if our
dataset contains very clear images of cats; dogi Hﬂﬂm thE leafn‘lng of our model will be good.
Continuous learning keepsthe modd at urﬁte anﬂfmpl‘wes its accuracy over time, Good data
helps models learn and make better pre

4.1 4A[gqﬁthrnfs¥urmfferent 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 following 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 laéks a predefined format. The
example of unstructured data are Em:ial media | p0$t$, emails; and sensor readings. Advanced
algorithms like neural networks are'syitablf for this data.

Supervised learning l:helad data to train models. Unsupervised learning finds pattems in
unlabeled dm, Rﬂr sion 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 \rery Iarga, ﬁ:tr exampte we ttke sociat media posts on the
topic of COYID-19, it will have a, huge number of posts. Neural networks can be trained on many
posts in parallel by using po’ferfu{ cnm;:utm and GPUs. Therefore, these algorithms are suitable
for such tasks.. £hoe§tr|g ‘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 help us turn data into pictures and charts, making it easier to
understand. For example, SQL is a language that helps us get data from databases. Python has
libraries like Matplotlib and Seaborn that create charts and grapm: R q‘sﬁ spemattml that's great
at creating statistical graphics and wsualrzatlms,c __'E RN 3

Different tools are better st l:ed f&r dlﬁererit tasks and skill levels. The right tool can help us
present our ﬁndmgxinw‘a cléarand 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. '
KPls ‘ Tables Bar charts , Line charts : Donut charts
. 0L Sk 1 = ; %
410 | LOCE | ™ -
E t |wa|mn| m i m i " :
|! I ¥ " p P : i ..... .
Tree Maps Bullet Charts Scatter plots

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:

iy
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= 47 8 Impge Mhbﬂﬂ'lﬂd ,lln it a short mame °np’ )
3 b Ii ‘ws€ numpy to create and manage arrays (tables of numbers)
= lant numpy 3% np
i) # 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
P # Isport the LinearRegression class from sklearmn's linear model module
8 W use it to create 3 machime learning model that can draw a straight 1ine through peints
D from sklearn.linear_model import Linearfegression
# 5tep 1: Prepare the dats (study hoers and marks)
% = np.array([[1), (2). [3). [4), [5])) # Input: hours studled
y = np.array([10, 18, 38, 40, 58]) B Output: marks obtained
# Step 2@ Create and teain the Linear Regre:sion model
model = Linearfegression() .
model Ft(X, y) =\
B Step 3: Predlct the marks based on smiy hnu'rs i
y_pred = model .predict(X) W et '-_'. ',
¥ Step 4: Plot the -:':qti‘mim w tbs ﬁiﬂlw m-.-
plt.scatter(X, ¥y, owlore plun’) |\ # Plot real data points in blue
plt. plut{!,. %&nl@‘rﬂ'} ¥ Plot the prediction line in red’
nlahhi rs vs Maris' # Title of the graph
) N Iptt .l { Hours Studied’) # X-axts label
o plt.ylabel{ 'Marks Obtained') A Yoaeis lahel
plt.show(y @ Show the final graph

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

& DetasViuslzstionipyrd W @
mtum—mmuu

. O Commands & Code 4 Tem
J"'mm“r o owneaghle Rt o — * - e —— e -
=" Flb. shad) © # thow the Plas) graph
: 8 = Study Hours vs Mari
)

=
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4.2.2 Data Storytelling | A

Data storytelling use; visuq& t#cmnmunlcate insights from data. It combines charts, graphs, and
narratives to expfa‘ln ﬂndmgs 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%) s I_-_-,:-*I;{w:"-.'fi"
2 Lowest attendance rate: 12thgrade (78%) |\ “ [(Ble™
2 Average absences per student: 5 l_:_lg'fs__- - \ «~ e

Story: WABRNN L

Meet Jameel, a 1lth+grad&J5tudent whn represents our school's attendance challenge. Jameel
misses an averaieﬁf 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)

I-II '|

2. Contextual data (attendance rates, absences)

3. Insight (9th-grade success)

4, Call to action (apply insights to 12th-grade students) N\ @ F

This simple story uses data to paint a picture; evoke empathy, and mspire acticrn It's a basic
example, but it illustrates hnw data storytellin; can maketnmple:t information mare engaging
and memorable. AR T e R B e

4.2.3 Furmulaung Qde;tinns and Data Evaluation

Formulating questiuns guides data exploration and analysis. Identify relevant data sets to answer
I these questions, Evaluate how well the data addresses the questmns 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 accur&tearesﬁlis. Eﬁ'e;twe Iquestlon formul.a tion drives meaningful analysis.
Good questions lead to better .data-insights. Data evaluation helps in understanding and
mterpretlngqﬁdjng&, N‘e 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

3. Demographic data (grade level, family jncqmg,! ,
etc.) RO inl e '

A --"'F-\'.I'. L™ I o T W 5 B e
¢ \ s

Evaluating Data m.saiity'r (5 "x Pk
1. Check for Wsmgqﬂhﬂmﬂstem data

2. Ensure ‘attendance records are accurate and up- PR (b
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 Desr_r_iptive Statistics
Techniques

Ther are some descriptive statistical
technigues to summarize and | ~ |\ 7\ o\
describe data. The basic techniqués'-.,*""-""' PR el A
include Mean, Median- a.m![ Mode!, "-_ L
Mean is the average Tﬂue of the'data

set. Medi@ﬂsﬁmmdﬂ[e 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
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Deviation measures how spread out the values are. Variance is the average ﬂsqﬂared dlﬁerences
from the mean. Percentiles indicate values. helﬁw whith a\certain percentage of data falls.
Histograms display the frequency d:stﬁbutinn of i:lata These techniques help in understanding
and summarizing data effectively These statistical techniques are frequently used to get true
insight and make mfa,rmed ttec“imns in the Machine Learning Model.

4.3 Hypnthesis 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 | =~ -;.'-_f-?.*l*f
between study hours [independent o A (RN
variable) and exam scores_ {t:lependent \\
variable}. A cause-and-effec q rehtiqashipis
the connection; tpetween two events or
factors, where one event (the cause)
directly influences or leads to another event

(the effect). T ortesl Critioal
Vel Vsdn

Once a hypothesis is formulated, hypothesis & #
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 valida_te whether a certain is
statistically significant or merely due to chance \ -__; B, 2

4.3.1 Null and Alternative Hypotheses S

Null Hypothesis (Ho}: This sltatﬂ that there'is no effer;l; or relationship between the variables. It
assumesany nbserved dlffgrénces are due to random chance.

Alternative H']"PGthESIS (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

R o T —— ——
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an effect or relationship is presﬁnt-"'
Testing aims to confirm or re;?ect the nulk
hypothesis. The null 3 hypqtlwsis is the
default assqm;rbnn ‘that needs to be
challenged The alternative hypothesis is
what researchers want to prove. Results | §
i help in deciding which hypothesis is
P = - 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. EegnLﬂfefmmtia#mstudents [Assumes.
any observed differences are due to mndum chancé j '

Alternative Hypothesis. {Hﬂ:ﬂﬂmﬁg mﬁeﬂimwwes cugmtwe functionin students. (Suggestsa
significant eﬂect or Fﬁ'}ntlﬂnﬂ'lili exists. ]

Testing: " ﬂeiea‘rthﬁrs mllect 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.
4.3.2 P-values

: P-values measure how likely results are due to chance. Alow
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” o
7 time heads and 3 times tale. We might! cunsider that ::nin 15
not fair, or it just haﬂpenedbydmce. LR AR -

We can take another E:fample tn find the éﬁectiveness ofa
new fertilizer, | Wé\w%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. lt teils yuu the cﬁan:te that the dIffe rence in plant height
happened randomly, without t]’lE fertlhzer h&vﬁg any effect.
If the P-valtue is small (likeﬁﬂ I}ZL *ltmeans. it's very unlikely the taller growth happened by chance.
This suggests that the 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 resuits are meaningful.
It compares the teststatisticswith critical () — U0 144y
value. Setting a significant level helps to, | - ——

decide the threshold for importance! |-~ it sprehcart)| (sgicost
Significance testing helps:in imaking data- * i
driven decisions. It s cricial 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 hypothesis and accept the alternate hypothesis. It means that exercising for six weeks likely ,
lowers blood pressure.

Signficance

tevel {o)

4.3.4 Hypothesis Testing ~ @R
L& f;. |

Hypothesis testing evaluates assumptions mingatattstlcal:meﬂ':q# The,.lest Stamtlc measures
how much data deviates from the null hypbthesm Pﬁpmthests teﬁhhg involves certain statistical
procedures and terms. The teﬂns wﬂl tﬁg exglaineﬁ with the help of subsequent example.

Confidence Interval shows the range where the true value likely falls. Type | Error occurs when a
true null hyputhquai‘s mcnfrecﬂy 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 ﬁ‘t;ar'[l d&m Htﬁ't we wiﬂ explare each term briefly with the help of a
simple example: “ =

Question: &oéi&ﬂnkmg coffeelmprwe 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-
- T ¥

statistic) to see how much the data gt ¢ ot
A o ‘0 b A
N S %’ 1

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. , A4\
Type | Error: Rejecting Hurfnhen 1:-51.;'
actually true (1R hasno

effect). Thi& oteurs when 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 hyputheses and drawfalid conclusions
from data:

2 Hypothesis testing evaluates assumptions using ﬂ:ailstfca'l‘.metﬁés
¥ Test statistic measures deviation fn:m Mo, |

< Confidence im:ervai estim ataﬁtmevalu%

> Typel/ I&ﬁ.r;mmcdrfmm incorrect assumptions.

> Power detects real effects.

2 Significance level sets thresholds.

2 Sample size impacts reliability.
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These concepts help us make 1nformed der:imﬂs barses! un data arnatws

4.3.5Steps of Simple Hypothesl&Testing

Simple hypothemtﬂsgmg m#nlves a certain sequence of steps. We can list them as follows:
3 Westart by furmulating null and alternative hypotheses.

2 Collect data and perform the analysis.

P Calculate the test statistic frqm' the data.

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

< Determine the P-value to assess significance.

2 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. ; «
Therefare, hypothesistesting helps in understandinghasf-: dataﬁ!at’[&psmm Sl

4.3.6 Creating Dashboardswithl’ythbn Wl

Adashboard is a visual tool that helps to! mﬁerstand data hy displaying it in the form of charts,
graphs, tables etc. e ‘éad 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 S h g

o Commads 4 Cogly + Tead

@ 'rip imtall dash @ ptep §; Depert necmssary Libreries
Ipdp degreall pletly
fmpart dash
from desh deport dcc,
Inpart plotly.express s pe
laport pancas g pd

# liep 1 Creste vavple dats (e.g.. salm dets Gver manths)
data = p-uuurr
[;ﬁr “heprary”, march®, “ail”. “Her®]. -
mn“ (1, 208, 190, 200, 230 P
] L Cradts & sisple line plot with Plouly e ey (CAR
ﬂ;“r: lsnfdata, ae*Month®, y="Sales", title-"Sales Over Thl‘j ey T N (A0

D% & c®m

® Wep 4 Daitialize the Dash mpp
app = fash.Dash}

¥ tmp §: Crestw the Lopeut f.'lh“-'l W
appllgmt-htlibl.ﬂcml
hu]iﬂ{'iljh—ilhl IPL"}', !Mﬂi’hlﬂhﬂﬂ
ictm

W
Fhﬂ-!i: & Displey the Line pist
1}
n

B teg 4: den the o

[t Jasa__ = f st
= 300, ran bty
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-» Machine Eearmng m;qﬂgts, 1eam frnrn data to make decisions.

» Rule baséh ﬁigurrithms follow fixed instructions. They do not change unless we

deliberately update them.

7 Model building: is the process of creating a mathematical or computational medel that

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

7 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.

7 Test-Train Split: A test-train split dmdes da;a int-::u twe <pap:& 4;.2 trammg data (main

portion)and test data {5maller portmn} a. # :“'. VY

» Overfitting: It happens when Hmaqhmabeatmng model learns the training data too well,

including its noise. arrdﬂrre&vant details. This makes the model perform very well on the
training datql hul: \[:-..r 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

F (e.g., "positive” cases) are actually correct. It's about the gquality of the positive

.—"\

predictions.

» Recall: This tells how well the model !denhﬁﬁ'ﬁ all the ar;tualxmmwe gases in the data. It

by

shows the model's ability to find altthu releiarant mst ]
Structured data: is urganiz&d in tai:les mpt; rows and I:Dlumns.

> Unstructureddntl.y‘ktudes{ext,1mage5 and more.
> 5upervised1earnmg uses labeled data to train models.

» Unsupervised learning: finds patterns inuntabeled data.

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

({ Hational Book Foundation



2 Classification algorlthmi‘ suﬂ; \dal;a mto categanes Clustering algorithms group similar

data points mg\etl}Fr
< Neu r.aldetwbrk%' are used for complex patterns and large data.

> Predictive outmmes forecast future events based on existing data patterns.
> 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.

< In agricuiture, it monitors crop health for better yields.

< Education systems tailor learning materials to indivl::!u_al. needs U,sg tﬂses show how
machine learning can solve practical prublems - ..'_{ NIEAARES

jR &
"

> Entertainment: platforms recqmmgnﬂ muﬁeh pr sm:_a,es b;hsed on user preferences. They
highlight lheimpactan tlbeneﬁts of Wiﬁng machine learning.

) Data storytelli uses wma{s to communicate insights from data. It combines charts,

graphs ghl! h_;ll'\{'rhﬂves 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.

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

2 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.

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

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

< Persuasion: Persuasion is about how well the data- stnnf nﬂm or mnﬂncei the
audience to take an action or cnnsider«a parﬁt;ularpuint nfvfew

> Formulating questﬁuns* gﬂdasﬁd;ﬁexplﬁmﬂan and analvsis Identify relevant data sets
to answer theseq atians Eafhtum:e how well the data addresses the questions posed.

> Dus,c:ﬂpyw statistical techniques: include Mean, Median and Mode. Mean fs the
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average value of the data set. MEdlah :5 ﬂ‘he rniddle v’ah.ie When data is ordered. Mode is
the most frequent value mﬂle dal;a '

2 Hypothesis fntmutqﬁgh lsthe pmcess af maiung an educated guess or assumption about '
a relationshi prbetw'aeen variables based on existing data or prior knowledge.

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

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

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
effect or factor. Py

2 Hypothesis testing: evaluates assumptions using ﬁtatlsnﬂ:a{ me.«t!ﬁds Tﬁg—TEsl: Efatistu:
measures how much data deviates from thﬂ nujl. Hypufhesi,s Hmbtﬁvsu testing involves
certain statistical prucedums and termsﬂ \\._ 2 ---«“

2 Visuals: help in presen; mg thﬁ resultsrufhypothem testing. We can use graphs and charts
to show datadﬁﬂnbu&ibns* Thesewsuals canillustrate the test statistics and P-values.
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| Exercise [ANNIEES

E Select the best answer fm‘ thé\following Multlple-Chmce Questions (MCQs).
1. The spam filter ﬁﬂﬁed tn do which of the following tasks:
d a. It helps to iste all emails
b. It learns from past emails to identify spam emails
’ ¢. 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: i
a. Collecting raw data ‘,,-;; w. B _j;;:_';_ (ONUY
b. Transforming and selechng re{év&ﬁﬁdafa ﬁaal:ure& e
c. Testing the mudel‘sficmi‘ac;ﬁ . C\; S
d. Calculat1ng\thr:[r§pgmﬁcance of the model

4. What &&etasim 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 cummunlcatlun uf datafmg.ightﬂ'
a. By focusing solely on statistical analysis: |7 {\ \\ A
b. By using visuals and nacr,atifetn make data retatahle and engaging

c. By ignoring cum?{e; data gatterns

d. By mfninﬂzmg the use of charts and graphs

7. Which of the following 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

Lilae s
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c. It is the hypothesis that researchers want tg ﬁlspfwﬁ' _ Vo=
d. It is a statistical method used to rneaf.ure vaﬂdhmy |
8. In hypothesis testing P- Vafue inmcates 2
2. The probability that the hull nypomes:s is true
b. The prnb%ﬂsihty 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 visual presen;atlan
c. The time of day the data was collected d. Relevance in‘thﬂ tﬁmﬁ’
11. Amodel shows 98% accurac'g. but pretlswﬁ aﬂd r»ettau* wbﬂthbeluw 60%. What is the

most likely issue? =\ “ L Do
a. The mndr-:-l ra uqdﬂ@ttu;}g o b. The data is imbalanced
c, The modé!‘ i$ avél‘ﬁttmg 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 Learning model’ o

Define ‘Model Assessment and list two metrics used for it._ ,\. N\ RO

L

-

_/\_. 1

What is the main goal of 'Data Uimalizahﬂn in- daiha‘ analysis“\ | =
What is 'Data Starytelling’ fand why is 1t important? -
How does contlnuuus\ legmng ba'reﬁt a Machine Learning model?
~ 8. Explain the :eﬂﬁ 'I'ésbLl?aun 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 publis.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 standard ﬂphati&nm understandlng data variability.
13. How can dfsgrﬁat\jifl‘g statistics be used to summarize a large data set effectively?

14. How dne]s the concept of statistical significance suppurt 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 Models »dliﬂm ‘ihiﬂr uses and

limitations. SN ( & m_;\;_ 5

A

4. Discuss how formulating good reieareﬁﬂugsﬁbl‘ﬁ mf_luenqes the guality of data analysis.
Provide an example ni huwa weil—i’q?mulaled question led to meaningful insights in a

| study. =
5. Examllfl \Ef'é‘ mosgss u—f hypnthes.is formulation and testing in a real-world context. How

do null‘ﬂnd 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.

! 7. Explore the role of p-values in hypothesis testing. How do they help determine the
L s 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 th:I'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 Ei'fﬁ;ﬁ?e data presentations.

11. Discuss the challenges in ensuring data’ accumc:,r arrd rﬂ;evance in a data story. How can
these challenges be addressed to imprw.gxtha credibﬂity of the data story?

| 12, Evaluate how feedback cah be‘ us.ed‘ to refine data storytelling technigues. Provide

| examptes @j’ hmm&nﬂtm’ctive criticism can lead to more effective data presentations.
A x ]




(f? Activity 1: Feature.- Enginearing Exerqism )

ﬂ:j-ectiﬂe. Identify and ha{fl“eﬁturEifura gwen dalaset i.e. images of the animals.
1. Divide the stlfdemlkﬁa 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 “Catsvs oF

Dogs™ dataset from https:/ /www.kaggle .com/c/dogs-vs-catsor el
Oxford pet dataset from https://www.robots.ox.ac.uk/-vgg/data/pets/ et

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 predictiens about the unseen
data based on the information leamed from the dataset,

Outcome: This activity will help students understand how Machine Learning Models
learn data and make predictions about new unseen data.

L /

B = () T
T‘_ = -. B T I-'_'_LI“‘\'\:: -\I I| I.r (_I Vo = _'\.“I'
f’& Activity 2: Data Story Criﬁqu&.w e ﬁ)n VY —
s II--I‘ I_Ir '.I- L= [ 1
Objective: Students will pracﬁitq triﬁquihg dhﬁ:%nune; by evaluating clarity accuracy insight and
persuamn

. Divide the students mmgmau groups depending on the strength of the class.

1 Assignor let Ehem Ehmse adatastory 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.

. ' ) 4

gfﬂ Activity 3: Hypothesis Testing Role Play )

Objective: Tohelp students simulate hypothesis testingusing reat wor {

1. Assign the students various roles like researchers; s’tat,istm]arbbsﬂbia:ls and create a scenario suchas
“Does increased study hﬂummpi;ow grqdes‘f"‘ B LA

2. Students playingtherole of resaarth&rs witHu-mmlute null hypothesis and alternate hypothesis.

3. Students ﬁmtnrt{}emlﬂ‘n* statisticians will analyze data provided by the teacher.

4, Students p{am 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 hyputhesis formulation, statistical

reasoning and decision making.
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Activity 4: lmpkﬁnemannn thMﬁhine Learning b'f designing an interactive

dashboard " 1\ 111\

' rulm% | 'Dtmnda‘gtmdhmtudﬁsign and create interactive dashboards by simulatinga

' 1. Assign students different roles like: Data Collectors (gather and clean the sample data), Dad‘rbnard
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’ perfarrname 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 to a;sempl,e mﬁkﬁihﬁ into a working
dashboard and runit, i “‘x\ \ ,' .J ) II"-\

Outcome: This activity will help studentsﬁﬂamp shﬂlg in Data urganizatim Data visualization, Basic
app development, and Cottaborative | e:n ~w9‘,dg, They will also experience how real-world data
L dashboards are bult by teams working together.
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