Data Science with Python

UNIT-I

Q1. Write about measures of central tendency

Measures of central tendency are statistical metrics used to describe the center or typical value of a dataset. The
three main measures of central tendency are mean, median, and mode. Each measure provides different insights and is
useful in various situations.

1. Mean (Arithmetic Average)

The mean is calculated by summing all the values in a dataset and dividing by the number of values. It is Useful

when data is symmetrically distributed without extreme outliers.

2. Median (Middle Value)

The median is the middle value of an ordered dataset. If the number of values is even, the median is the average of the two
middle values. It is useful for skewed distributions or data with outliers.

3. Mode (Most Frequent Value)

The mode is the value that appears most frequently in a dataset. A dataset can have one“mode (unimodal), two modes

(bimodal), or more (multimodal). If no value repeats, the dataset has no mode.

Q2. Write about mean? Explain how can you calculate mean value for agiven,data values

The mean is one of the most common measures of central tendencys,ltyrepresents the average value of a dataset
and provides an overall sense of the data's distribution.
Formula for Mean

The mean is calculated by summing all the values‘in the,dataset and dividing by the total number of values. The

formula is:
S X
Mean = =—
N
where:

e Y Xrepresents the sum of all values,imvthe dataset.
o N is the total number ofValues’in‘the dataset.
Steps to Calculate the Mean
1. Add up all the values,in the dataset.
2. Count the total number of values in the dataset.
3. Divide thessumyby the number of values to get the mean.
Example 1:"Mean for a Small Dataset
Given the numbers: 4, 8, 6, 10, 12
1.4 Sumrof values: 4+8+6+10+12=40
2. “"Number of values: N=5
8. Calculate the mean: 40/5=8
Thus, the mean of this dataset is 8.
Mean for Grouped Data (Weighted Mean)

For datasets where some values occur more frequently than others, we use a weighted mean. The formula is:

> (X > f)
> f

Mean =
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where:
e Xis each data value
e  ‘f *isthe frequency (how often each value appears)
e Y (Xx{f) is the total sum of all values multiplied by their frequency

e Y fis the total number of observations

Example:
If we have the following data on test scores:
Score (X) | Frequency (f)
50 2
60 3
70 4
80 1

1. Multiply each score by its frequency:

(50%2) + (60x3) + (70x4) + (80x1) = 100 + 180 + 280 + 80 = 640
2. Sum of frequencies

2+3+4+1=10
3. Calculate the mean:

640
— =64
10

Thus, the weighted mean is 64.

Q3: Write about median? Explain how can you calculateymedian value for a given data values

The median is a measure of central tendencythat represents the middle value of an ordered dataset. It divides the
dataset into two equal halves, with half of the valugs\being smaller and the other half being larger. The median is especially
useful when dealing with skewed data or Outliers, as it is not affected by extreme values.

Calculating the Median

Step 1: Arrange the Data in AsCending Order

To find the median, first sort the data,in increasing order.

Step 2: Identify Whetherithe,Number of Observations (N) is Odd or Even
e If Nisodd: The'median is the middle value.
o If N is even:i,he median is the average of the two middle values.

Example 1: Finding the Median for an Odd Number of Values

Given the dataset: 7, 3, 9, 5, 11

Step AMArrange in ascending order

375, 7,9, 11

Step 2: Find the middle value

Since N=5 (odd number), the median is the third value:

Median =7

Example 2: Finding the Median for an Even Number of Values

Given the dataset: 4, 10, 6, 8, 2, 12
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Step 1: Arrange in ascending order

2,4,6,8,10,12

Step 2: Find the two middle values

Since N=6 (even number), the two middle values are 6 and 8.

Step 3: Calculate the median

6+ 8 14
Median = —— = — =
2 2

&

L

i

Thus, the median is 7.

Q4: Write about mode? Explain how can you calculate mode value for a given data values

Mode: The Most Frequent Value
The mode is the value that appears most frequently in a dataset. Unlike the mean and mediaf, thedmode is the only
measure of central tendency that can be used for both numerical and categorical data.
Types of Mode
1. Unimodal — A dataset with only one mode.
2. Bimodal — A dataset with two modes.
3. Multimodal — A dataset with more than two modes.
4. No Mode — A dataset where no value repeats.
How to Calculate the Mode
To find the mode, follow these steps:
1. Listall the values in the dataset.
2. Count how many times each value appears.
3. ldentify the value(s) with the highest frequency-—=this is the mode.
Example 1: Finding the Mode in a Dataset
Given the dataset: 3,7,8,7,5,7, 3,8, 8
1. Count the frequency of each value:
o 3 appears twigce
o 5 appears once
o 7 appearsithreetimes
o 8 appears three times
2. The mostifrequent values are 7 and 8, which both appear three times.
Mode = 7,and"8y(Bimodal dataset)
Example2akinding the Mode in a Dataset with One Mode
Giventhe dataset: 2, 4,4, 6, 8,9, 4
o) "The number 4 appears three times, more than any other number.
¢ Mode =4 (Unimodal dataset)
Example 3: No Mode
Given the dataset: 2, 4, 6, 8, 10
Each value appears only once, so there is no mode in this dataset.

Mode for Categorical Data
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The mode is useful when analyzing categorical data, where numerical calculations like the mean and median don’t make

sense.
Example:
Survey responses for "Favorite Ice Cream Flavor":
e Vanilla- 10 votes
e Chocolate — 15 votes
e  Strawberry — 5 votes
Since Chocolate has the highest count, the mode is Chocolate.
Advantages of Mode
v Can be used for both numerical and categorical data
v Not affected by extreme values (outliers)
v Useful for discrete data and finding the most common category
Limitations of Mode
» A dataset may have no mode or multiple modes

»  Less useful for continuous data

Q5. What is harmonic mean? How to find harmonic mean? Explain with amexample.

The harmonic mean (HM) is a type of average that is useful whéh, dealing with rates, ratios, or when values are

inversely related. It gives more weight to smaller values, making jtideal for Scenarios where the mean of rates or speeds is

needed.
Formula for Harmonic Mean
The harmonic mean of n values (X1, X2, X3, ..., Xn) is c@leulated using the formula:

=)

HNF = Z(

[

where:
e n=total number of values
e Xi =each individual value
Steps to Calculate Harmenic*Mean
1. Count the total"number of values in the dataset (n).
2. Find the(reciprocal (1 divided by each value).
3. Sumyup all'the reciprocals.
4. 4Divide n'by the sum of reciprocals to get the harmonic mean.
Example:"Rinding the Harmonic Mean
Supposeywe have three numbers: 4, 6, and 12.
Step1: Count the number of values
Here, n=3.
Step 2: Find the reciprocals of each value

L 0.25 L 0.1667 L 0.0833
4— P11 1% ()— . N 12— .

Step 3: Sum the reciprocals
0.25 + 0.1667 + 0.0833 = 0.50

Dr. KV Subba Reddy School of Business Management

Page 4




Data Science with Python

Step 4: Apply the formula

HM = 6

050
Thus, the harmonic mean of 4, 6, and 12 is 6.
Example in Real Life: Average Speed
If a car travels 60 km at 40 km/h and then 60 km at 60 km/h, what is the average speed?
Step 1: Use the speed formula

2
(10 + )

Step 2: Find the reciprocals

HM =

1 1
- 0.025, — —0.0167
10~ 202 &

Step 3: Sum the reciprocals
0.025 + 0.0167=0.0417
Step 4: Apply the formula

HM — 48 km/h

~0.0417
Thus, the average speed is 48 km/h, not 50 km/h (which would be the<arithmetic’mean).

Q6. Write about geometric mean? Explain how can you calculate geemetric mean for a given data values.

The geometric mean (GM) is a type of average that is,particularly useful for datasets involving growth rates,
ratios, percentages, or multiplicative relationships (e.g., population growth, financial returns, and interest rates). Unlike the
arithmetic mean, which adds values, the geometricymeanmultiplies values and then takes the root to find a central
tendency.

Formula for Geometric Mean
For a dataset with n values (X1, X5, X3p.5X3), the geometric mean is calculated using the formula:

GM = (X1 x X x X3 x...x% X”)%

or simply,

Gﬂ-f:\"/Xlxngng...xXn

where:
e _4n = total'number of values
e _ Xjh="each individual value
StepsitoyCalculate the Geometric Mean
27 Multiply all the values in the dataset.
2. Take the nth root of the product (where n is the number of values).
Example 1: Finding the Geometric Mean
Consider the dataset: 4, 8, and 16.
Step 1: Multiply the values
4 x8x16=512
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Step 2: Take the cube root (3rd root, since n=3)

GM =512 =38

Thus, the geometric mean of 4, 8, and 16 is 8.

Q7. Write about Measures of dispersion

Measures of dispersion describe how spread out or scattered data points are in a dataset. While measures of
central tendency (mean, median, mode) tell us where the data is centered, dispersion helps us understand how much
variation exists in the data.

Dispersion is important in statistics because:
» It helps compare variability between different datasets.
» It provides insight into consistency and stability of data.
» It helps in risk analysis, especially in finance and economics.
Types of Measures of Dispersion
There are two broad types:
1. Absolute Measures (expressed in the same unit as the data)
2. Relative Measures (expressed as a ratio or percentage, used for comparisen)
1. Range (Absolute Measure)

The range is the simplest measure of dispersion, calculated as:
Range=Maximum Value—Minimum Value
Example:

Given the dataset: 5, 12, 18, 7, 10
e Max value = 18, Min value = 5
e Range=18-5=13
2. Interquartile Range (IQR) (Absolute Measure)
The Interquartile Range (IQR) measure§ithe spread of the middle 50% of data. It is calculated as:
IQR=Q3 - QI
where:
o Q1 (First Quartile) =25th percentile
e Q3 (Third Quartile) =75th percentile
Example:
Given sortedédata: 254/6, 8, 10, 12, 14, 16
o £Q1 =5 (middle of first half)
o . Q3="13 (middle of second half)
& JIQR=13-5=8
3. Variance (Absolute Measure)
Variance measures how much each data point deviates from the mean.
For a population variance (c2):

(X —p)?

0_2_/_‘
N

For a sample variance (52):
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e X =individual data points
e u=population mean, X = sample mean
e N = total population size, n = sample size
Example:
Given dataset: 4, 8, 6
1. MeanX =(4+8+6)/3=6

2. Find squared differences from the mean:

o (4-6)=4
o (8-6)°=4
o (6-6)=0

3. Sum of squared differences: 4 +4+0=8
4. Variance: 8/3=2.67
4. Standard Deviation (Absolute Measure)

Standard deviation is the square root of variance, bringing it back to the originaljunits of measurement.

2

o=Vo*
s=vs?

For the previous example,

o= v2.67=1.63

5. Coefficient of Variation (CV) (Relative Méasure)
The Coefficient of Variation (CV) is a relative measure of dispersion, useful for comparing variability across different

datasets.

oV - Standard Deviation
B Mean

) =00,

Example:
If one dataset has X = 50fand =5,

5] .
cV = (—) X100 = 10%

50

Q8. Writeyabout central moments

Central moments are statistical measures that describe the shape and distribution of a dataset relative to its mean.
They provide insights into variability, skewness, and kurtosis, helping to understand how data is spread and shaped.

Mathematically, the r-th central moment (u, ) of a dataset is defined as:

where:

e X; =each data point
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e X =mean of the data
e N =number of observations
e 1= order of the moment
Types of Central Moments
1. First Central Moment: Mean ()

#1:%—2(1’{5—5{)

Since the sum of deviations from the mean is always zero, the first central moment is always zero.

2. Second Central Moment: Variance (u,)

1 =2
H2 = N Z(Xz‘ - X)
Variance measures how spread out the data is around the mean.
3. Third Central Moment: Skewness (113)

= 3
S H3 1 Xz' - X
Skew = — = — _
ewness 0_3 N Z ( - )
» If Skewness > 0 — Right-skewed (tail on the right, e.g., income distribution)
» If Skewness < 0 — Left-skewed (tail on the left, e.g., exam scores)

» If Skewness = 0 — Symmetric (like a normal distribution)

4. Fourth Central Moment: Kurtosis (j,)

. 2%
Kurtosis = —
i

» High kurtosis (>3, Leptokurtic) — More peaked than normal distribution (e.g., stock market crashes).

» Low kurtosis (<3, Platykurtic) — Flatterthan normal distribution (e.g., uniform distribution).

» Normal kurtosis = 3 (Mesokurtic), = Bell-shaped normal distribution.

Q9. Write about linear and rank corkelation

Correlation measures the strengtiyand direction of a relationship between two variables. There are two main types:
e Linear Correlation &xMeasures straight-line relationships between variables.
e Rank Correlation,=Measures relationships based on relative rankings of values.
1. Linear Correlation
Definition
Linear correlation measures how strongly two variables move together in a straight-line relationship.
o _ Ifone variable increases, does the other also increase or decrease?
e\ s the relationship strong, weak, or non-existent?
Types of Linear Correlation
» Positive Correlation (r>0) — As one variable increases, the other also increases.
» Negative Correlation (r<0) — As one variable increases, the other decreases.
» No Correlation (r=0) — No relationship between variables.
Pearson’s Correlation Coefficient (r)

The most common measure of linear correlation is Pearson’s correlation coefficient:
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T =

Y- X)(%i - ¥)
— XL (Y- V)

V(X
where:
e X,Y = Variables
e X, Y =Meanof XandY
e n = Number of observations
Example:
If height (X) and weight () of individuals are measured, and r=0.85, this indicates a strong positive correlation
(taller people tend to weigh more).
2. Rank Correlation
Definition
Rank correlation measures the relationship between the ranks of two variables instead of their actualialues.
Spearman’s Rank Correlation Coefficient (p) (pronounced as rho)
Spearman’s (p) correlation is calculated as:
65 d?
p=1- n(n%: 11)
e d; = Difference between ranks of X and Y
¢ n = Number of observations
Example:

Suppose we rank students’ test scores in Math and Science!

Student Math Rank (X) Science Rank (Y") d=X-Y d?
A 1 2 -1 1
B 2 1 1 1
C 3 3 0 0

| SGRNY | 12
3l T 24

0.5

Here, p=0.5 suggests a moderate positive correlation between Math and Science rankings.

Q10. Explain about cavariance and correlation with an example

Covarianee and correlation are two statistical measures that describe the relationship between two variables.
e Covariance measures the direction of the relationship.
o “Correlation measures both the direction and strength of the relationship.
l=Govariance
Definition
Covariance measures how two variables move together.
e Positive covariance — When one variable increases, the other also increases.
o Negative covariance — When one variable increases, the other decreases.
e  Zero covariance — No relationship between variables.
Formula

For a dataset with two variables X and Y, covariance is calculated as:
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COV(X,Y) _ E(Xz - X)(K - }7)

n

where:
o X Y;=Individual data points
e X,Y =Meanof XandY
e n = Number of observations
Example of Covariance Calculation

Suppose we have 5 students' scores in Math and Science: Q}\
Student Math Score (X)) Science Score (Y7) \\\
: R

A 60
B 70 75 &
C 80 85 \\

D 90 95 %

E 85 80

Step 1: Find Mean of X and Y Q)%%

60 + 70 + 80 + 90 + 85

X = - =77 ‘\\
N

?:60+70+8r0+90+80280 %
5] x

Step 2: Compute Covariance

(60 — 77)(65 — 80) + (70 — 77)(75 — 80) + (80 — 77)@ (90 — 77)(95 — 80) -+ (85 — 77

(—17)(—15) + (—7)(—5) + (3)(5) + (13) (15

5
255435+ 15+195+0 5 %)
- = S
Since covariance is positive, the SCOFE?\@ d Science tend to increase together.

2. Correlation %

Definition
Correlation standardizes val%e 0 a fixed range (-1 to +1), making it easier to compare relationships.

Cov(X,Y) =

Formula (Pearson’s n Coefficient)

where:&
DAY Standard deviation of X

xch = Standard deviation of Y

e -1<r<1

Interpretation of r
» r=1-— Perfect positive correlation
» r=—1— Perfect negative correlation
» 1=0— No correlation

Example of Correlation Calculation
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Using the same Math and Science scores, we calculate the standard deviations:

YI(X; - X)?

n

ox =

Let’s assume:
oy = 11.31, oy = 11.18

100 100
r— _
(11.31 x 11.18) 126.55

rg!

=]

Since r=0.79, there is a strong positive correlation between Math and Science scores.

Q11. Explain statistics and sampling distributions

1. Statistics: An Overview
Statistics is the branch of mathematics that deals with collecting, organizing.janalyzing, interpreting, and
presenting data. It helps in making decisions based on data patterns.
Types of Statistics
1. Descriptive Statistics — Summarizes and organizes data (e.g., meany median,mode, variance).
2. Inferential Statistics — Draws conclusions from a sample and generalizes them to a population.
2. Sampling and Sampling Distributions
What is sampling?
Sampling is the process of selecting a subset (sample) from-@largerpopulation to analyze and make inferences.
Why use sampling?
e Efficient — Studying the whole population‘ig@xpensive and time-consuming.
e Practical — Some populations are too,laigeto)analyze entirely.
e Accurate enough — If done coreectly, it provides good estimates of population parameters.
Types of Sampling Methods
¢ Random sampling — Everyundividual has an equal chance of selection.
e Stratified Sampling — Population divided into subgroups (strata), and samples are taken from each.
e  Systematic Sampling &»Every k" individual is selected from a list.
e  Cluster Sampling*~ Entire groups (clusters) are selected randomly instead of individuals.
3. Sampling Distribution
Definition
Aysampling distribution is the probability distribution of a statistic (e.g., mean, variance) computed from multiple
randomusamples drawn from the same population.
o 'If we repeatedly take random samples and compute their means, the distribution of those sample means forms a
sampling distribution of the mean.
e The same applies to statistics like variance or proportion.
Key Property: The sampling distribution of the mean is approximately normal if the sample size is large enough (Central
Limit Theorem).
4. Central Limit Theorem (CLT)
The Central Limit Theorem (CLT) states:
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For sufficiently large sample sizes, the sampling distribution of the sample mean is approximately normal,
regardless of the original population distribution.
Why is CLT important?
1. Allows inference — Even if the population is not normal, we can use normal distribution for hypothesis testing
and confidence intervals.
2. Ensures stability — As the sample size increases, the sample mean gets closer to the true population mean.
5. Standard Error (SE) of the Mean

The Standard Error (SE) measures how much the sample mean varies from sample to sample. It is given hy:

SE —

BN

where:
e ¢ =Population standard deviation
e n=Sample size

»  Larger sample sizes result in smaller SE, meaning more accurate estimates.

Q12. Explain hypothesis testing of means, proportions, variance and correlations

Hypothesis testing is a statistical method used to make decisions or irferences about a population based on sample
data.
1. Steps in Hypothesis Testing
1. State the hypotheses
o Null hypothesis (Hp): Assumes no effect orneydifference.
o Alternative hypothesis (H, or H,):&Suggests a significant effect or difference.
2. Select the significance level (o)
o Common values: 0.05 (5%) or 0.01y(1%).
3. Choose the appropriate test statistic
o  Z-test (when population staridard deviation o is known).
o  T-test (when Giis unknewn, using sample standard deviation s).
4. Compute the test statistic
o Compare the'observed sample data with the assumed population parameters.
5. Determine.the eritical value or p-value
o\ Compare the test statistic with critical values from the Z or T distribution.
o “QIf p-value <a, reject H.
6. ‘Makeya decision
o Reject Hy (if evidence supports Ha ).
o Fail to reject Hy (if evidence is insufficient).
2. Hypothesis Testing for Means
Used when comparing the sample mean (X) with a population mean (p).

1. Z-Test for Means (Large Sample, Known o)
X —p

Z a
/n
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Used when: n > 30 and population standard deviation o is known.

Example: A company claims the average salary is $50,000. You sample 40 employees and find an average salary of
$48,000 with 6=5,000. Is the company’s claim valid?

2. T-Test for Means (Small Sample, Unknown o)

X —p
8

v

Used when: n<30 and population standard deviation ¢ is unknown (use sample standard deviation s).

T:

Example: Testing if students' average test score differs from 75 based on a sample of 15 students.
3. Hypothesis Testing for Proportions
Used when testing proportions (e.g., percentage of people who like a product).
1. Z-Test for Proportions
P—Do

poll—po }
n

Z:

where:
e p”=Sample proportion
e o = Population proportion
e n=Sample size
Example:
A survey finds that 55% of customers prefer a new produtt, but,the company claims 50%. Is there enough evidence to
reject the company’s claim at 0=0.05\alpha = 0.050=0.05?
1. Hg: p=0.50 (No preference change).
2. Hg:p#0.50 (Preference changed).
3. Compute the Z-score.
4. Compare with critical value (£1296for¢:0.05).
Hypothesis Testing for Variances
Used when comparing sample variances to a known population variance or between two samples.

1. Chi-Square Test for @pePopulation Variance

» _ (n—1)s
X" = T2
where:

o A)s2,= Sample variance

o, % ° 2Population variance

e 'n = Sample size

e Used when: Checking if a sample variance differs from a known population variance.

o Example: A factory claims that the variance in production time is 4 minutes?. A sample of 25 observations gives a

variance of 6 minutes2. Test if the claim is true.

2. F-Test for Comparing Two Variances

o

Il
] | ¥
19 13| = b2
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where:
. s%, 53 = Sample variances from two groups.
e Used when: Comparing variances of two different samples.

e Example: Checking if the variance in test scores of two different schools is significantly

different.

Hypothesis Testing for Correlation
Used to test if two variables have a significant correlation.

Pearson Correlation Hypothesis Test

e = Sample correlation coefficient

e n=Sample size

e Used when: Testing if there is a significant relationship between two variables:

o Example: Is there a significant correlation between study hours and exam‘scores?
Hypothesis

1. Ho: p=0 (No correlation).

2. H,: p#0 (Significant correlation exists).

Q13. Define random variable and probability

1. Random Variable
A random variable is a numerical outcome ofia tandom experiment. It assigns a numerical value to each possible
outcome in a probabilistic event.
Types of Random Variables
1. Discrete Random Variable — Takes,a countable number of values (e.g., number of heads in a coin t0ss).
2. Continuous Random ¥ariable :— Takes an infinite number of values in a range (e.g., height of students,
temperature).
Example:
e Let X be the pumber of heads in 3 coin flips.
o Pessible values: X={0,1,2,3} — Discrete
o Let Ybe the time taken to finish a task.
e, Possible values: Y>0, like 12.3s, 15.8s, etc. — Continuous
2«Rrabability
Prabability measures the likelihood that a particular event will occur. It ranges from 0 to 1:
0<P(A)<1
where:
e P(A)=0 means the event never happens.
e P(A)=1 means the event always happens.

Formula for Probability of an Event
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Number of Favorable Qutcomes

P(A) =

Total Number of Qutcomes
Example:

If we roll a fair die, the probability of getting a 3 is:

Q14. Write about discrete probability distributions (Bernoulli, Binomial, Poisson)

A discrete probability distribution describes the probability of each possible value a discrete random varidble‘ean
take. A discrete random variable is one that can take countable values (e.g., number of heads in coin tosses; humber of
students in a class).

1. Properties of a Discrete Probability Distribution

1. Each probability is between O and 1 0 <P(X )<1

2. The sum of all probabilities equals 1 YP(X)=1

3. Each value of X has an associated probability P(X).
Example: Rolling a fair 6-sided die

X =1{1,2,3,4,5,6}, P(X)= é for each X
2. Types of Discrete Probability Distributions
1. Binomial Distribution
e Used when there are two possible outcomes (Success/Failure).

e The probability of exactly k successes in n trials is

n

P(X = k) = (A

o
where:

e 1. = number of trials

e k = number of successes

e p = probability of success

. (f) = Mr;;lﬁa}' (combihations)
Example:

A coin is flipped 5itimes*»What is the probability of getting exactly 3 heads?

3 2
) 1 1 1
P(X 43) = — — = 10 x — = 0.3125
S X (5)(2) (2) “gg T 0SB

2. Poissen Distribution
e/ Used for counting the number of events that occur in a fixed interval of time or space.
e Formula:
e M\
k!
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where:

* ) = average number of events
e [k = exact number of occurrences
e ¢~27T18

Example:
If 4 customers visit a store per hour on average, what is the probability that exactly 2 customers visit in the next hour?

2

e 40,0183 16
2

3. Geometric Distribution

P(X=12)= = 0.146

e Models the probability of the first success occurring on the k™ trial.

e Formula

P(X =k)=(1-p)"'p
Where p is the probability of success.
Example:
If a basketball player has a 30% chance of making a free throw, what is theyprobability that the first successful shot
happens on the 3rd attempt?
P(X = 3) = (0.7)2(0.3)=0.147
4. Hypergeometric Distribution

e  Used when sampling without replacement from a finite population.

e Formula
Ky (N—-K
P(X =k) = M
(-H)
where

e N =population size
o K =number of stecesses*in population
e n=sample size
o k= observiedinimber of successes in sample
Example;
A box contains 10 red and 5 blue balls. If you randomly draw 4 balls, what is the probability that exactly 2 are red?

()6
(%)

P 2) —

Q15. Explain in brief about continuous probability distribution

A continuous probability distribution describes the probabilities of a continuous random variable, which can take
an infinite number of values within a given range. Unlike discrete distributions, which deal with distinct values, continuous
distributions are defined over an interval and use a probability density function (PDF) instead of a probability mass

function.
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Key Features:
1. Probability Density Function (PDF) — Represents the likelihood of a value occurring in a given range.
2. Cumulative Distribution Function (CDF) — Gives the probability that the variable takes a value less than or equal
to a given point.
Total Probability — The area under the PDF curve over the entire range is always 1.
4. Probability Calculation — The probability of a specific value is always 0; instead, we calculate the probability over
an interval.
Common Examples:
o Normal Distribution (Bell-shaped curve, used in statistics and natural phenomena)
e Exponential Distribution (Models time until an event occurs, e.g., waiting times)
e Uniform Distribution (All values in an interval have equal probability)

o Beta & Gamma Distributions (Used in Bayesian statistics and reliability analysis)

Q16. Explain Gaussian probability distribution

The Gaussian probability distribution, also known as the normal distribttion,”is a continuous probability
distribution widely used in statistics, machine learning, and natural sciences. It déseribes how data points tend to cluster
around a central value, forming a symmetric, bell-shaped curve.

Key Characteristics:
1. Bell-Shaped Curve — Symmetric about the mean, with mestwalugs concentrated around the center.
2. Mean (p) — Represents the central tendency (average value):
3. Standard Deviation (o) — Measures the spread of the,distribution. A smaller ¢ results in a narrower curve, while

a larger ¢ makes it wider.

4. Probability Density Function (PDF);
flo) = — e

a2

e The peak of the curve is at x=p.
e  The probabilityjofvalues further from the mean decreases exponentially.
5. Empirical Rule (68-95299.7'Rule):
o 68%%f.data falls within 1o of the mean.
o 95%falls'within 2c.
o\ 99.7% falls within 3o.
Applications:

o, Natural Phenomena: Heights, weights, 1Q scores, measurement errors.

e Machine Learning: Used in Gaussian Naive Bayes, anomaly detection.

e Finance: Stock price modeling, risk assessment.

e Quality Control: Detecting manufacturing defects.

Q17. Explain with an example exponential probability distribution

The exponential distribution is a continuous probability distribution used to model the time between independent
random events occurring at a constant average rate. It is widely used in reliability analysis, queuing theory, and survival
analysis.

Key Characteristics:
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1. Memory less Property — The probability of an event occurring in the next interval is independent of when the
last event occurred.
2. Single Parameter (A) — The rate parameter A (events per unit time). A higher A means events occur more
frequently.
3. Probability Density Function (PDF):
flz)=Xxe ™, z2>0
e  The function is asymmetrical and right-skewed.
e Itis strictly decreasing, meaning smaller values of xxx are more probable.
4. Cumulative Distribution Function (CDF):

Flz)=1—e ™ z>0
e  Gives the probability that an event occurs within time Xx.
5. Mean & Standard Deviation:
e Mean (Expected Value, E[X]) = %

* Variance = %

Example:
Suppose a call center receives calls at an average rate of 3 calls_peghour (i.e., A=3). The time between two
consecutive calls follows an exponential distribution.
Question:
What is the probability that the next call arrives in dess than,10 minutes?
Solution:
Since the rate is given in calls per hour, we‘Genvert it to calls per minute:

3
A = 3 calls per hour = 50 - 0105 ¢alls per minute

Using the CDF formula:
R(X(BWP=1 e

) _ o—(0.05x10)

—1—e%®
~ 1 — 0.6065
=~ 0.3935

Thus, the probability that the next call arrives within 10 minutes is 0.3935 (or 39.35%).
Applications:

e \Waiting Times: Time until the next customer arrives at a service center.

¢’ Reliability Engineering: Time until a machine component fails.

e Physics: Time between radioactive decay events.

e Network Systems: Time between packet arrivals in a queue.

Q18. Explain with an example chi-square probability distribution
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The chi-square distribution (y2-distribution) is a continuous probability distribution that is widely used in
hypothesis testing, particularly in chi-square tests for independence and goodness-of-fit. It is also used in estimating
population variance and in statistical modeling.

Key Characteristics:
1. Degrees of Freedom (df, denoted as k) — The shape of the distribution depends on the degrees of freedom, which
are typically related to the number of independent variables.
2. Asymmetry — The chi-square distribution is right-skewed, but as k increases, it becomes more symmetrical.
3. Probability Density Function (PDF):
f(I‘) _ mv(% E,I—le—.r 2! x>0
where I' (Gamma) is the gamma function.
4. Mean & Variance:
e Mean: k
e Variance: 2k
Example: Chi-Square Test for Goodness-of-Fit

A chi-square test checks whether observed data matches expected datax
Scenario:

A die is rolled 60 times, and we want to test whether it is fair.

Observed Frequencies (O):

Face 1 2 3 4 5 6 Total

Rolls 8 10 12 u 9 7 60

Expected Frequencies (E) for a fair die:
Since a fair die has equal probabilities for, éach face, the expected frequency for each face is:

60
6
Calculate the Chi-Square Statistie:
2~ (0-E)
X' =) %
(8- MR @010 (12-10)*  (14-10)* (9-10)* (7-10)
10 10 10 10 10 10

4 0 4 16 1 9

1010 10 10 10" 10
=34
Interpretation:
e The calculated chi-square value is 3.4.
e If we compare this to a chi-square table with df = 5 (since k = 6-1 = 5), we check the critical value for a
significance level (e.g., 0.05).
e Ify2 is smaller than the critical value, we fail to reject the null hypothesis, meaning the die appears fair.

o Ifitis larger, we reject the null hypothesis, meaning the die may be biased.
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Applications:
e  Goodness-of-Fit Tests — Checking if data follows a specific distribution.
e Independence Tests — Examining relationships between categorical variables.
e Variance Estimation — Used in confidence intervals for population variance.

e Genetics & Epidemiology — Studying gene frequencies and disease occurrence

Q19. Write definition of Bayesian probability with an example

Bayesian probability is an interpretation of probability that expresses the degree of belief in an event, which is
updated as new evidence or information becomes available. It is based on Bayes' theorem, which mathematically-describes
how to revise probabilities given new data.

Bayes’ Theorem Formula:
P(B|A)P(A)

PAIB) = —p &

Where:
e P(AIB) = Probability of event A given that B has occurred (posterior probabifity):
e P(BIA) = Probability of B occurring if A is true (likelihood).
e  P(A) = Prior probability of A (prior belief).
e P(B) = Total probability of B occurring (evidence).
Example: Medical Diagnosis
A doctor wants to determine the probability that a patient ha$,a rare disease given a positive test result.
Given Data:
e The disease affects 1 in 1,000 people (Priorfprobability: P(D)=0.001.
e  The test correctly identifies 99% of people with the disease (P(T|D)=0.99.
e The test gives a false positive in.5%.0f healthy people (P(T|-D)=0.05.
Applying Bayes' Theorem:

P(T|D)P(D)

B(BIT) = D)

First, calculate P(T") (total prébahility of testing positive):
P\~ P(T|D)P(D) + P(T|-D)P(—D)
= (0.99 < 0.001) + (0.05 =< 0.999)
= 0.00099 + 0.04995 = 0.05094

Now, galeulate P({D|T") (probability of having the disease given a positive test):

0.99 = 0.001
P(D|IT) — 2 ==
0.05094
~0.00099
~ 0.05094

So, despite a positive test result, the actual probability that the patient has the disease is only 1.94%.

~ 0.0194

Applications of Bayesian Probability:
e Medical Testing (disease diagnosis, drug effectiveness)
e  Spam Filtering (classifying emails as spam or not)
e Machine Learning (Bayesian networks, Naive Bayes classifier)

o Risk Assessment (fraud detection, reliability analysis)
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UNIT-H

Q20: Write about Exploratory Data Analysis (EDA)

Exploratory Data Analysis (EDA) is the process of analyzing and summarizing datasets to discover patterns,
relationships, and anomalies before applying machine learning models or statistical techniques. It helps in understanding
the data distribution, detecting missing values, and identifying potential biases or inconsistencies.

Key Steps in EDA
1. Data Collection & Loading
o Importing data from sources like CSV files, databases, or APlIs.
o Checking dataset structure (rows, columns, and data types).
2. Handling Missing Values
o ldentifying missing values using .isnull() in Python.
o Strategies for handling missing data:
= Removal: Deleting rows/columns with too many missing values:
= Imputation: Filling missing values with the mean, median, or'made.
3. Descriptive Statistics

o Calculating basic statistics:
= Mean, median, mode (central tendency).
» Variance & standard deviation (spread(of data).
= Percentiles & quartiles (distributien inSights).
4. Data Visualization
o Univariate Analysis (examining single variables):
» Histograms (data distribution)
=  Box plots (outlier detection).
o Bivariate & MultivariategAnalysis (examining relationships between variables):
= Scatter plots,(eorrelations).
= Heatmapsy(correlation matrix).
= _ Paifplots’(multiple variable relationships).
5. Outlier DeteCtion
o (ltdentifying unusual values using:
s Box plots.
= Z-scores (standard deviations from mean).
= IQR (Interquartile Range) method.
6. % Feature Engineering & Transformation
o Creating new meaningful features from existing data.
o Transforming skewed data using log transformation or normalization.
Importance of EDA
» Helps in understanding data distribution and trends.
» ldentifies missing values, outliers, and inconsistencies.
» Improves feature selection for machine learning models.
>

Reduces risks of biased or inaccurate predictions.
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Example Tools for EDA:

e Python Libraries: Pandas, NumPy, Matplotlib, Seaborn.

e R Libraries: ggplot2, dplyr.

Q21: With diagram explain data science life cycle

The Data Science Life Cycle is a structured process used to extract insights and build predictive models from data.

It consists of several interconnected stages, from data collection to model deployment and monitoring.

Below is a visual representation of the Data Science Life Cycle:

1. Problem Definition

1. Problem Definition

v

2. Data Collection

v

3. Data Cleaning & EDA

v

4. Feature Engineering

v

5. Model Building

v

6. Model Evaluation

v

7. Deplovment

v

8. Monitoring,&Updates

o  Define the business or research problem, clearly.
o Identify goals, constraints, and successymetries.
e Example: Predict customer churn,for a telecom company.

2. Data Collection

e  Gather data from variousgsourceslike databases, APIs, web scraping, or sensors.
o Example: Customer transactionrdata, social media data, 10T device logs.

3. Data Cleaning & Exploratory Data Analysis (EDA)

e Handle missing valuesiaremove duplicates, and correct inconsistencies.
o Perform EDA to,understand data distribution and relationships.
o Example:Visualizing correlations between sales and marketing efforts.

4. Feature Engineering

e  Selector create the most relevant features for the model.

o OApply techniques like normalization, encoding categorical data, and feature extraction.
o _ Example: Creating a "customer lifetime value™ feature for predictive analysis.

5=vodel Building

e ) Choose appropriate machine learning algorithms (Regression, Decision Trees, Neural Networks, etc.).
e Train models on prepared data.
e Example: Using Random Forest to classify customer churn.

6. Model Evaluation

e  Measure performance using metrics like accuracy, precision, recall, RMSE, etc.
e Perform cross-validation and hyperparameter tuning for optimization.
e Example: Evaluating a fraud detection model using the F1-score.

7. Deployment

e Deploy the model into a production environment (Cloud, APIs, Edge Devices).
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e Ensure scalability and integration with existing systems.
e Example: A recommendation engine running on an e-commerce website.
8. Monitoring & Updates

e  Continuously track model performance in real-world scenarios.
o Detect data drift and retrain models as needed.
o Example: Updating a weather forecasting model as new climate patterns emerge.

Q22: In detail explain about descriptive statistics in python

Descriptive statistics summarize and describe the key features of a dataset using measures of central tendency,
dispersion, and distribution shape. These statistics help data scientists understand the dataset before applying machine
learning or further analysis.

Python provides various libraries like Pandas, NumPy, and SciPy to compute descriptive statistics.gasily:

1. Measures of Central Tendency

These measures represent the center or typical value of a dataset.

Mean (Average)
The arithmetic mean is calculated as:
Mean = 2 X

N

where X represents data points and N is the total number of values.
Python Code
import numpy as np
data = [10, 20, 30, 40, 50]
mean_value = np.mean(data)
print("Mean:", mean_value)
Median (Middle Value)
The median is the middle value when thetdata is sorted.
e If Nis odd, the median isgthe{middle value.
e IfNiseven, itis the average‘of the two middle values.
Python Code
median_value =\np:median(data)
print("Median:,imedian_value)
Mode (Most Erequent Value)
Mode represents the value that appears most frequently.
Python,code
from scipy import stats
mode_value = stats.mode([1, 2, 2, 3, 4, 4, 4, 5])
print("Mode:", mode_value.mode[0])
2. Measures of Dispersion (Spread of Data)
These statistics describe how much data varies from the central tendency.
Variance

Variance measures how spread out the data is from the mean.
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MI(X — Mean)?
N

Variance —

Python Code

variance_value = np.var(data)
print("Variance:", variance_value)

Standard Deviation

Standard deviation is the square root of variance and represents data spread in the same units as the data.

Standard Deviation — +/ Variance

Python Code
std_dev = np.std(data)
print(Standard Deviation:", std_dev)

Range (Max - Min)
Range is the difference between the maximum and minimum values.

Python Code
range_value = np.max(data) - np.min(data)
print("Range:", range_value)

Interquartile Range (IQR)
IQR measures the range of the middle 50% of data, computed as:

IQR=Q3-QlI
where Q1 (25th percentile) and Q3 (75th percentile) are guartiles:

Python Code

gl = np.percentile(data, 25)

g3 = np.percentile(data, 75)
igr=9g3-9l

print("Interquartile Range (IQR):", iqr)

3. Shape of Data Distribution

Skewness (Symmetry of Data)
e Positive Skew: Tail on the righty(eig., income data).
o Negative Skew: Tail on‘thedeft’
e  Zero Skew: Symmetrnidistribution.

Python Code

from scipy-statsimport skew
skewness'= skew(data)
print(:Skewmness:", skewness)

Kurtosis, (Peakedness of Distribution)
o o High'Kurtosis: Sharp peak (heavy tails).
o), “Low Kaurtosis: Flatter peak (light tails).
Python Code
from scipy.stats import kurtosis
kurt = kurtosis(data)
print("Kurtosis:", kurt)
4. Summary Statistics Using Pandas

Instead of computing each statistic individually, we can use Pandas’ describe() function.
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Python Code
import pandas as pd
df = pd.DataFrame(data, columns=['Values'])
print(df.describe())

Q23: Explain Basic tools (plots, graphs and summary statistics) of EDA

Exploratory Data Analysis (EDA) is the process of analyzing and summarizing datasets to understand their structure,
detect patterns, and identify anomalies. The basic tools of EDA can be divided into:
1. Summary Statistics — Measures of central tendency and dispersion
2. Plots & Graphs — Visual representations of data
1. Summary Statistics
Summary statistics help describe the central tendency, spread, and distribution of data.

(a) Measures of Central Tendency

Metric | Description Python Funetion
Mean The average value of a dataset np.mean(data)

Median | The middle value when sorted np.median(data)
Mode | The most frequently occurring value | stats.mode(data)

Example (Python Program)

import numpy as np

from scipy import stats

data = [10, 20, 30, 40, 50, 50]

print("Mean:", np.mean(data)) # Mean
print("Median:", np.median(data)) # Median
print("Mode:", stats.mode(data).mode[0]) # Mode

(b) Measures of Dispersion

Metric Descfiption Python Function

Range Difference between max & min | np.ptp(data)

Variance Measures spread from the mean | np.var(data)

Standard Deviatign Square root of variance np.std(data)

Interquartile:Range (FQR) | Spread of middle 50% np.percentile(data, 75) - np.percentile(data, 25)

Example (Python Program)
print("Range:", np.ptp(data)) # Range
print(""Variance:", np.var(data)) # Variance

print(*Standard Deviation:", np.std(data)) # Standard Deviation
gqIhg3 =np.percentile(data, [25, 75])
print'1QR:", g3 - q1) # Interquartile Range

2. Plots & Graphs (Data Visualization in EDA)
Visualization is essential to identify patterns, outliers, and relationships between variables.
(a) Histogram (For Distribution of Data)
A histogram shows the frequency distribution of data.
Example (Python Program)
import matplotlib.pyplot as plt
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plt.hist(data, bins=5, color="blue’, edgecolor="black’)
plt.title("Histogram of Data")

plt.xlabel("Value™)

plt.ylabel("Frequency™)

plt.show()

(b) Box Plot (For Outlier Detection)

Box plots help visualize the minimum, 25th percentile, median, 75th percentile, and maximum values while also
detecting outliers.
Example (Python Program)

import seaborn as sns
sns.boxplot(x=data)
plt.title("Box Plot of Data")
plt.show()

(c) Scatter Plot (For Relationship Between Variables)
A scatter plot is useful for detecting correlations between two numerical variables.
Example (Python Program)

import numpy as np

x = np.random.rand(50) * 10 # Random x-values

y =2 *x + np.random.randn(50) * 2 # Linear relation with noise
plt.scatter(x, y, color="red")

plt.title("Scatter Plot of X vs Y™)

plt.xlabel("X values™)

plt.ylabel("Y values™)

plt.show()

(d) Heatmap (For Correlation Matrix)

A heatmap is a color-coded correlation matrixsthat helps identify relationships between multiple numerical
features.
Example (Python Program)

import pandas as pd

df = pd.DataFrame({'X": X, 'Y": y})
sns.heatmap(df.corr(), annot=True, cmap="eoolwarm")
plt.title("Correlation Heatmap")

plt.show()

Q24: Explain Philosophy:ofEDA

Exploratory DatayAnalysis (EDA) is a critical step in data science that helps uncover patterns, relationships, and
anomalies in data®before-applying machine learning models. The philosophy of EDA is based on the idea of "letting the
data speak foriitself" without imposing preconceived assumptions.

The,founder of EDA, John W. Tukey, emphasized that data analysis should be an interactive, visual, and intuitive
procesSithathelps generate hypotheses rather than just testing them.

Key. Philosophical Principles of EDA
1. Data-Driven Exploration

e EDA focuses on discovering insights directly from data rather than confirming pre-existing theories.

¢ Instead of blindly applying models, EDA guides model selection by understanding the dataset's characteristics.
Example: Instead of assuming a dataset follows a normal distribution, we plot a histogram to check its actual distribution.

2. Emphasis on Visualization Over Formal Modelling
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e Visualization is the core of EDA because human brains can detect patterns better through images than raw

numbers.

e Techniques like histograms, box plots, scatter plots, and heatmaps help reveal trends, outliers, and relationships.
Example: A scatter plot can quickly reveal a nonlinear relationship between variables, which traditional linear modelling
may not detect.

3. Detecting Anomalies and Outliers

o Outliers can distort statistical models, so identifying and handling them is crucial.

e Box plots and Z-score analysis help detect extreme values.

Example: In a salary dataset, an employee earning $1,000,000 while others earn around $50,000 is an outlier.tRat‘must be
analyzed before modelling.
4. Avoiding Premature Assumptions

e Traditional statistics often assume distributions (e.g., normality), but EDA encourages cheeking these assumptions

first.

o EDA helps choose appropriate models based on data properties instead of assuming ene-size-fits-all solutions.
Example: If a dataset is highly skewed, instead of assuming a normal distribution, we 'may use log transformation or a
different model.

5. Iterative and Interactive Process

o EDA is not a one-time step; it’s an iterative process where insights guide further exploration.

e Asnew insights emerge, data cleaning, transformation, agchanalysis evolve dynamically.

Example: After finding missing values in a dataset, we mightdecide to impute, remove, or investigate the cause before

proceeding.

Q25: What is data visualization?

Data visualization is the process of, representing data and information using graphs, charts, and other visual
elements. It helps in identifying patterns;, trends, and relationships in data, making complex information more
understandable and actionable.

Why is Data Visualization Impartant?

» Makes data easier to ifterpret

» Helps identifyitrends & patterns

» Aids in decision-making

» Detects outliers and anomalies

» _Enhances communication of insights
Types of Dat@Visualization

I "Univariate Data Visualizations (One variable analysis)

Visualization | Purpose Example

Histogram Shows data distribution Examining the spread of exam scores
Box Plot Detects outliers & distribution | Checking salary variations in a company
Bar Chart Compares categorical data Comparing sales across different products

Python Code

import matplotlib.pyplot as plt
import numpy as np
data = np.random.randn(1000)
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plt.hist(data, bins=30, color="blue’, edgecolor="black’)
plt.title("Histogram of Data")

plt.xlabel("Value")

plt.ylabel("Frequency")

plt.show()
2. Bivariate Data Visualizations (Two-variable analysis)
Visualization | Purpose Example
Scatter Plot | Shows relationships between two variables Height vs. Weight of individuals
Line Plot Tracks trends over time Stock price changes over months
Heatmap Displays correlation between multiple variables | Relationship between different weather factors

Python Code:

import seaborn as sns

import pandas as pd

df = pd.DataFrame({'X": np.random.rand(50) * 10, 'Y": np.random.rand(50) * 10})
sns.scatterplot(x=df['X'], y=df['Y])

plt.title("Scatter Plot of X vs Y")

plt.show()
3. Multivariate Data Visualizations (More than two variables)
Visualization Purpose Example
Pair Plot Shows relationships between multiple features | Checking ¥elationships in a dataset
Bubble Chart Adds a third variable using bubble size Salesamount vs. Number of customers
3D Scatter Plot | Visualizes three variables together Temperature, humidity, and energy consumption

Example (Heatmap in Python)

import seaborn as sns

# Correlation Heatmap

df = sns.load_dataset("titanic").select_dtypes(include="number")
sns.heatmap(df.corr(), annot=True, cmap="coolwarm:)
plt.title("Correlation Heatmap")

plt.show()

Q26: Explain about scatter plotwitiamexample

A scatter plot is a type of graphythat displays the relationship between two numerical variables using dots. Each dot
represents a data point, with:

e  The x-axis representing one variable
e The y-axisrepresenting another variable

It helps in identifying:

e _Trends (positive/negative correlation)
e Clusters & patterns
oW Outliers (unusual data points)

Typesof Relationships in Scatter Plots
1. Positive Correlation — When one variable increases, the other also increases.
Example: More study hours — Higher exam scores.
2. Negative Correlation — When one variable increases, the other decreases.
Example: More time spent watching TV — Lower grades.
3. No Correlation — No visible relationship between variables.

Example: Shoe size vs. 1Q.
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How to Construct a Scatter Plot?

To construct a scatter plot, we have to follow the given steps.

Step 1: Identify the independent and dependent variables

Step 2: Plot the independent variable on x-axis

Step 3: Plot the dependent variable on y-axis

Step 4: Extract the meaningful relationship between the given variables.

In the following table, a data set of two variables is given.

Matches Played | 2 |5|7]1]12/15/18

Goals Scored 1 |4/5(2|7 (12|11

Now in this data set there are two variables, first is the number of matches played by a ¢ertain‘player and second is the
number of goals scored by that player. Suppose, we aim to find out the relationship betweenthe number of matches played
by a certain player and the number of goals scored by him/her. For now, let us discard-oumobvious intuitive understanding
that the number of goals scored is directly proportional to the number of matches played. For now, let us assume that we

just have the given dataset and we have to extract out relationship between given,data pair.

Scatter Chart

WUELS LU B

bl 4 6 g 10 12 14 16
Matches Played

There is some kind of relationship between number of matches played and number of goals scored by a certain player.
Example: Scatter Rlat in Python

Let’s create.a scatter plot to visualize the relationship between study hours and exam scores.
import matplotlibpyplot as plt

import numpyas np

#-Sample Data

studyohours = np.array([1, 2, 3, 4,5, 6, 7, 8, 9, 10])
examy/scores = np.array([50, 55, 60, 65, 70, 75, 78, 85, 90, 95])
# Scatter Plot

plt.scatter(study_hours, exam_scores, color="blue', marker="0")
plt.title("Scatter Plot: Study Hours vs Exam Scores")
plt.xlabel("Study Hours")

plt.ylabel("Exam Scores")

plt.grid(True)

plt.show()
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Interpreting the Scatter Plot

Dots form an upward trend — Positive correlation (More study hours = Higher scores).
No extreme outliers — Data follows a clear pattern.

Conclusion: A student who studies more tends to score better in exams.

Scatter plots help reveal real-world relationships in data quickly and effectively!

Example 1: Draw a scatter plot for the given data that shows the number of IPL matches played and runs scored in each
instance.

Matches Played | 10 |12 |14 |16 |18

Runs Scored 287 300|297 350|345

Solution:
X-axis: Number of Matches Played

Y -axis: Number of Runs Scored

Graph
Scatter Plot
380
350 -
.
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3 320
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w 310
é 300 - >
280 o=
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Matches Played

Q27: Explain about bar chart with an example

A bar chart is one of the most,cemmon ways to visualize categorical data in Data Science. It helps in comparing
different categories and understanding, distribution patterns. In Python, we use libraries like Matplotlib and Seaborn to
create bar charts.

Example: Visualizing'Salesi\Data Using a Bar Chart

Let's assumeqweyhave sales data for different products and we want to visualize their performance.

Step 1: Install'and\Import Required Libraries

import' matplotlib.pyplot as plt
impert seaborn as sns
impert pandas as pd

Step 2: Create a Sample Dataset

# Creating a dataset

data = {'"Product’: ['Laptop’, 'Tablet', 'Smartphone', 'Headphones', ‘Smartwatch'],
‘Sales': [250, 180, 300, 150, 2201}

df = pd.DataFrame(data)

Step 3: Plot a Bar Chart Using Matplotlib

plt.figure(figsize=(8, 5)) # Set figure size

plt.bar(df['Product], dff'Sales'], color=['blue’, 'green’, 'red’, ‘purple’, ‘orange'])

plt.xlabel("Products")

plt.ylabel("Sales™)

plt.title("Product Sales Analysis")
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plt.show()
Step 4: Plot a Bar Chart Using Seaborn (Advanced Styling)

sns.set_style("whitegrid™) # Set Seaborn style

plt.figure(figsize=(8, 5))

sns.barplot(x="Product’, y='Sales', data=df, palette="viridis") # Using Seaborn for better styling
plt.xlabel("Products")

plt.ylabel("Sales™)

plt.title("Sales Comparison of Different Products")

plt.show()

Properties of Bar Graph

All Bars have a common base.

The length of each bar corresponds to its respective data mentioned on the axis (Y-axis for Vertical Graph, X-axis'for
Horizontal Graph).

Each bar displayed has the same width.
The distance between consecutive bars is the same

Use Cases of Bar Charts in Data Science

Business Analysis: Sales comparison across different products or regions.
Healthcare: Patient recovery rates for different treatments.

Finance: Revenue growth comparison across different years.

Marketing: Customer engagement across social media platforms.

Different types of fruits are liked by People,

Number of People

- Fruits
Eogle Guava Zanana Mango

fruits people Like

Comparing two sets of data

To compare.dwe, Sets of data we simply need to compare the heights of the bars that represent that specific data.
Also to get the'exact value represented by each bar we can look at the value on the y axis corresponding to that height.

The bariwith more height represents more value and the bar with less height represents less value.
It can be‘eancluded the following just by looking at the graph:
o4 People like Apples.
e 7 People like guava.
e 6 People like banana.

e 5 People like Mango.

Q28: Explain about histogram with an example

A histogram is a graphical representation of the distribution of numerical data. It divides the entire range of values
into intervals (or "bins") and counts how many values fall into each bin. Unlike a bar chart (which is for categorical data), a
histogram is used for continuous data.
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When to Use a Histogram?

Example: Visualizing Age Distribution Using a Histogram

Understanding the distribution of data (e.g., normal, skewed, etc.).

Identifying outliers and data patterns.

Comparing datasets for statistical analysis.

Checking the spread and frequency of numerical values.

Step 1: Install and Import Required Libraries

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

Step 2: Create a Sample Dataset (Age Data)

# Generate random age data

np.random.seed(42) # For reproducibility

ages = np.random.normal(loc=35, scale=10, size=200) # Mean=35, Std=10, 200. values

Step 3: Plot a Histogram Using Matplotlib

plt.figure(figsize=(8, 5))

plt.hist(ages, bins=10, color="blue’, edgecolor="black’, alpha=0.7)

plt.xlabel("Age")
plt.ylabel("Frequency")

plt.title("Age Distribution of Customers™)
plt.grid(axis="y', linestyle="--', alpha=0.7)

plt.show()

Step 4: Plot a Histogram Using Seaborn (AdvaneethStyling)

plt.figure(figsize=(8, 5))

sns.histplot(ages, bins=10, kde=True, colar=green’)
plt.xlabel("Age")

plt.ylabel("Frequency")
plt.title(" Age Distribution‘with Density Curve™)

plt.show()

Use Cases of Histagrams'in Data Science

Finanee;: Distribution of customer incomes.

Healthcare: Spread of patient blood pressure levels.

Marketing: Time spent by users on a website.

Education: Distribution of student grades

Example: In a Park, there are 28 trees of different heights, the heights can be measured in centimeters and the range of the

trees lie between 100-350 cm. Draw the Histogram for the following data,

Range of Height

ormee | 100-150 | 150-200 | 200-250 | 250-300 | 300-350
Number of 2 1 0 6 3 7
Trees
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Solution:

Since the height of the trees are lying between 100-350, we shall start by marking the heights on x-axis in groups of 50cm

each and the number of trees will be mentioned on y-axis.

Therefore, if a tree has a height of 230 cm, it will lie in the rectangle 200-250.

number
of trees

4

=
=

- M L B D ey e o

hgight
in
100 150 200 250 300 50 ans

Q29: Explain about boxplot with an example

A boxplot (box-and-whisker plot) is a statistical chart used tovisualize, the distribution, spread, and outliers in a

dataset. It summarizes data using five key statistics:

1. Minimum (QO) — The smallest data point excluding outliers

2. First Quartile (Q1) — 25% of the data falls below thiswalue.

3. Median (Q2) — The middle value of the dataset,(50th percentile).

4. Third Quartile (Q3) — 75% of the data falls:igelow this value.

5. Maximum (Q4) — The largest datayp0int excluding outliers.

Outliers are data points that fall outside the'whiskers," which are typically 1.5 times the interquartile range (IQR).

Elements of Box Plot

A box plot gives a five-number_summary of a set of data which is-

Minimum — It is the minimum value in the dataset excluding the outliers.

First Quartile (Q%),425% of the data lies below the First (lower) Quartile.

Median (Q2)=Itis the mid-point of the dataset. Half of the values lie below it and half above.
Third Quartile (Q3) — 75% of the data lies below the Third (Upper) Quartile.

Maximum-— It is the maximum value in the dataset excluding the outliers.

Lower Quartile Median Upper Quartile
Q1 Q2 Q3
Min Max

25% 25% 25% 25% |
Whisker Whisker

Box

Inter Quartile Range (IQR)

The area inside the box (50% of the data) is known as the Inter Quartile Range. The IQR is calculated as —

IQR = Q3-Q1

Outlies are the data points below and above the lower and upper limit. The lower and upper limit is calculated as
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Lower Limit = Q1 - 1.5*IQR
Upper Limit = Q3 + 1.5*IQR
How to create a box plots?
Let us take a sample data to understand how to create a box plot.
Here are the runs scored by a cricket team in a league of 12 matches — 100, 120, 110, 150, 110, 140, 130, 170,
120, 220, 140, 110.
To draw a box plot for the given data first we need to arrange the data in ascending order and then find the
minimum, first quartile, median, third quartile and the maximum.
Ascending Order
100, 110, 110, 110, 120, 120, 130, 140, 140, 150, 170, 220
Median (Q2) = (120+130)/2 = 125; Since there were even values
To find the First Quartile we take the first six values and find their median.
Q1 =(110+110)/2 =110
For the Third Quartile, we take the next six and find their median.
Q3 = (140+150)/2 = 145
Note: If the total number of values is odd then we exclude the Median Wwhile’ calculating Q1 and Q3. Here since
there were two central values we included them. Now, we need to calculate the,Inter Quartile Range.
IQR = Q3-Q1 =145-110=35
We can now calculate the Upper and Lower Limits topfind“the minimum and maximum values and also the
outliers if any.
Lower Limit = Q1-1.5*IQR = 110-1.5*35 =575
Upper Limit = Q3+1.5*IQR = 145+1.5*35 21975
So, the minimum and maximum between the range,[57.5,197.5] for our given data are —
Minimum = 100
Maximum =170
The outliers which are outside thisgrarige are —
Outliers = 220

Now we have all the infofmation;so we can draw the box plot which is as below-

Q1=110 Q2=125 Q3=145

Viin=100 Max=170

Ii | 2.20

Example: Visualizing Salary Distribution Using a Boxplot

Step’1: Install and Import Required Libraries

import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

import pandas as pd

Step 2: Create a Sample Dataset (Salaries of Employees)

# Generate random salary data
np.random.seed(42) # For reproducibility
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salaries = np.random.normal(loc=60000, scale=15000, size=200) # Mean=60k, Std=15k

Step 3: Plot a Boxplot Using Matplotlib

plt.figure(figsize=(6, 5))

plt.boxplot(salaries, vert=True, patch_artist=True, boxprops=dict(facecolor="lightblue"))
plt.xlabel("Employees")

plt.ylabel("Salary ($)")

plt.title("Salary Distribution of Employees")

plt.grid(axis="y', linestyle="--', alpha=0.7)

plt.show()

Step 4: Plot a Boxplot Using Seaborn (Advanced Styling)

plt.figure(figsize=(6, 5))
sns.boxplot(y=salaries, color="lightblue")
plt.ylabel("Salary ($)")

plt.title("Salary Distribution of Employees™)
plt.grid(axis="y', linestyle="--', alpha=0.7)
plt.show()

Use Cases of Boxplots in Data Science

Finance: Analyzing stock price fluctuations.
Healthcare: Comparing patient recovery times.
Marketing: Understanding customer spending patterns.
Education: Evaluating student score distributions.

Q30: Explain about heat map with an example

A heat map is a graphical representation of data whereyindividual values are represented by varying colors. It

helps in visualizing complex data, identifying patterns, and detecting correlations in datasets.

Uses of Heat Maps in Data Science

1
2
3.
4

5.

Correlation Matrix — Visualizing relationshipsdetween multiple numerical variables.

Feature Importance — Highlighting the significance of different features in a dataset.

Geospatial Data — Representing population density, weather conditions, or crime rates over regions.
Missing Data Visualization —Detécting'missing values in a dataset.

Website/App Analytics - Understanding user interactions on a webpage.

Creating Heat Maps in Python

Python provides several librariesifor’generating heat maps, including Seaborn, Matplotlib, and Pandas.

1. Heat Map for Correlation.Matrix

The most comman uséyofibieat maps in data science is to analyze the correlation between numerical variables.

import.seaborn as sns
importimatplotlib.pyplot as plt
import pandas as pd
#Sample dataset
data = pd.DataFrame({
‘A [1,2,3,4,5],
‘B [5,4,3,2,1],
'C[2,3,4,5, 6]
)
# Compute correlation matrix
corr_matrix = data.corr()
# Create heat map
plt.figure(figsize=(6,4))
sns.heatmap(corr_matrix, annot=True, cmap="coolwarm’, linewidths=0.5)
plt.title('Correlation Heat Map')
plt.show()
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e annot=True — Displays numerical values inside cells.
e cmap="coolwarm' — Defines the color gradient (can be changed to viridis, Blues, etc.).
e linewidths=0.5 — Adds separation between grid cells.
2. Heat Map for Missing Data
A heat map can also be used to visualize missing values in a dataset
import numpy as np

# Creating missing values
data.iloc[1, 1] = np.nan

data.iloc[3, 2] = np.nan %\\\
S

# Visualizing missing values
plt.figure(figsize=(6,4))
sns.heatmap(data.isnull(), cmap="viridis", char=False) ‘%

plt.title('Missing Data Heat Map') %
plt.show() \\%
Types of Heatmaps %
Heatmaps can be categorized based on the type of data they visualize and the spec case.
1. Website Heatmaps

Imagine you have a website, and you want to understand how vis'(or i with it. A heatmap is like a map

that shows you where visitors are spending the most time and where they're ink of it like this: the more time visitors

spend on a particular section of your site, the "hotter" it gets on the is is usually shown with warm colors like

red or orange. So, if a section is red, it means it's getting a lot of attént
Conversely, if a section is blue or green, it's "cooler," meaning aren't spending much time there. So, blue or green
areas indicate lower interaction. [\

WY
Website'Heatmaps
~A

2. Grid Heatma%
Gri tmaps are a powerful visualization tool used to represent data in a tabular format where each cell's color
indica value of the data point it represents. This method is particularly effective for comparing multiple variables
enti

and i

QK

patterns, trends, and correlations within the data.
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Grid Heat Map ha

3. Clustered Heatmaps @0
Clustered heatmaps extend the functionality of standard grid heatmaps by incorpofati rchical clustering to
show relationships between rows and columns. This added dimension of inform
tic data.

particularly valuable in fields like biology, where they are commonly used to visualiz@

es clustered heatmaps

Clustered Heatmap
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UNIT-III

Q31: Explain Patterns, features, patter representation in data science

In data science, understanding patterns, features, and pattern representation is crucial for analyzing data, making
predictions, and extracting meaningful insights. Let’s break these concepts down:
1. Patterns in Data Science
A pattern in data refers to a structure, trend, or regularity that repeats within a dataset. Identifying patterns helps in
predictive modeling, anomaly detection, and decision-making.
Types of Patterns:
1. Trends: A long-term increase or decrease in data over time (e.g., stock market trends).
2. Seasonality: Recurring patterns at specific time intervals (e.g., increased ice cream sales in SuMMer)-
3. Clusters: Groups of similar data points (e.g., customer segmentation).
4. Outliers: Data points that deviate significantly from the rest (e.g., fraud detection inytransactions).
5. Association Patterns: Relationships between different features (e.g., customerswho”buy product A also buy
product B).
6. Sequential Patterns: Ordered events occurring over time (e.g., clickstreamganalysis in websites).
2. Features in Data Science
A feature is an individual measurable property or charactéristic ‘of-a dataset. Features help machine learning
models understand patterns in data.
Types of Features:
1. Numerical Features: Continuous values (e.g., height, Weight, age, temperature).
2. Categorical Features: Discrete labels (e.g4gender; country, product type).
3. Ordinal Features: Categorical valueswithian tnherent order (e.g., low, medium, high).
4. Text Features: Words or phrases extracted from text data (e.g., customer reviews).
5. Derived Features: Features createdifrom existing ones (e.g., total_price = quantity x unit_price).
3. Pattern Representation in Data Seighce
Pattern representation refersyto How data is structured and transformed to make it suitable for analysis or machine
learning models.
Ways to Represent Pattesns,in Data:
1. TabularRepresentation: Data stored in structured tables (e.g., Pandas DataFrame).
2. Graph-Based Representation: Nodes and edges to represent relationships (e.g., social networks).
3. Time Serkies Representation: Data indexed over time (e.g., stock prices, temperature data).
4. 'Image-Based Representation: Pixels representing patterns in images (e.g., facial recognition).
5

Text-Based Representation: Converting text into numerical formats (e.g., TF-IDF, word embeddings).

Q32»Explain curse of dimensionality with an example

The Curse of Dimensionality refers to the problems that arise when working with high-dimensional data. As the
number of dimensions (features) increases, data points become sparse, distances become less meaningful, and
computational complexity increases, leading to poor model performance.

Why Does it Happen?
1. Increased Sparsity: In high-dimensional space, data points spread out, making it harder to find meaningful

patterns.
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2. Distance Computation Becomes Unreliable: Many machine learning algorithms rely on distance (e.g., k-Nearest
Neighbors, clustering). As dimensions increase, all points tend to become equidistant.
3. Computational Complexity: More dimensions mean higher computational power is required for training models.
4. Overfitting: More features can cause a model to memorize the training data rather than generalize well.
Example: Distance Becomes Less Meaningful in High Dimensions
We generate points in different dimensions and compare their distances
import numpy as np
import matplotlib.pyplot as plt
# Function to calculate pairwise distances in different dimensions
def compute_distances(dimensions, num_samples=1000):
distances =[]
for d in dimensions:
# Generate random points in d-dimensional space
points = np.random.rand(num_samples, d)
# Compute pairwise distances
dist = np.linalg.norm(points[0] - points[1:], axis=1)
distances.append(np.mean(dist)) # Store mean distance
return distances
# Define dimensions to test
dims =[1, 2, 5, 10, 20, 50, 100, 200]
distances = compute_distances(dims)
# Plot the results
plt.figure(figsize=(8,5))
plt.plot(dims, distances, marker='0', linestyle="-"
plt.xlabel('Number of Dimensions’)
plt.ylabel('Average Distance Between(Points")
plt.title('Effect of Curse of Dimensienality on Distance")
plt.grid()
plt.show()
Observations:
e Infow.dimensions (1D or 2D), distances are meaningful.
o 4As, dimensions increase, distances between points increase, making models less effective at distinguishing
between close and far points.
e, “High-dimensional data leads to poor clustering and classification performance.
How to Overcome the Curse of Dimensionality?
1. Feature Selection: Remove irrelevant or redundant features using statistical methods.
2. Dimensionality Reduction:
o Principal Component Analysis (PCA) — Reduces dimensions while preserving variance.
o t-SNE & UMAP — Used for visualization of high-dimensional data.
o Autoencoders — Neural networks that learn a compressed representation.

3. Regularization Techniques: Helps prevent overfitting in high-dimensional models.
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4. Using Algorithms that Handle High Dimensions: Some models, like decision trees and random forests, can better

handle high-dimensional data.

Q33: Explain dimensionality reduction with an example

Dimensionality reduction is a technique used in data science to reduce the number of features (variables) in a
dataset while preserving as much important information as possible. This helps improve computational efficiency, remove
noise, and avoid over fitting in machine learning models.

Example: Principal Component Analysis (PCA)
Imagine you have a dataset with customer information, including:

o Age

e Income

e Spending score

e Number of purchases

e  Credit score
If these features are highly correlated, they may contain redundant information. PCA, ‘aspopular dimensionality reduction
technique, can transform these features into a smaller set of uncorrelated componehts while retaining most of the variation
in the data.
For instance, PCA might combine "Income" and "Spending score" intoqa'single new feature (principal component) that
represents overall financial behavior. By reducing five features tostwaior three, we simplify the dataset while keeping its
essential structure.

This makes it easier to visualize and process the data for clustering or classification tasks.

Q34: Explain about Supervised and Unsupervised,learning:

Supervised and Unsupervised learningare two main types of machine learning.
1. Supervised Learning
e In supervised learning, the niodél s, trained on labeled data, meaning each input comes with a corresponding
output (target value).
e The goal is to learn a mapping from inputs to outputs so that the model can make accurate predictions on new
data.
Examples of Supervised laearning:
Classification: Predictingieategories (e.g., spam vs. not spam in emails).
Regression.redicting-continuous values (e.g., house price prediction).
Popular Algorithms:
o _ Linear Regression
e, JLogistic Regression
s~ Decision Trees
e  Support Vector Machines (SVM)
e  Neural Networks
2. Unsupervised Learning
e Inunsupervised learning, the model is trained on unlabeled data, meaning there are no predefined output labels.

e The goal is to find patterns, relationships, or structures within the data.
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Examples of Unsupervised Learning:

» Clustering: Grouping similar data points (e.g., customer segmentation in marketing).

» Anomaly Detection: Identifying unusual patterns (e.g., fraud detection).

» Dimensionality Reduction; Reducing features while preserving data structure (e.g., PCA).
Popular Algorithms:

e K-Means Clustering

o Hierarchical Clustering

e  Principal Component Analysis (PCA)

e Autoencoders

Q35: Explain Classification—Ilinear and non-linear

Classification is a supervised learning technique where the goal is to categorize data into predefined classes (e.g.,
"Spam" or "Not Spam"). It can be broadly classified into Linear and Non-Linear classificationthased on how the decision
boundary is drawn.
1. Linear Classification
Linear classification is used when data points can be separated by a straight line (or a hyperplane in higher
dimensions). This means the relationship between input features and class labels i§,linearly separable.
Example:
e Suppose we have a dataset of students classified as "Pass'or®Eail’" based on Study Hours and Attendance.
e If astraight line (e.g., Study Hours + Attendance = 50)¢caniseparate the two classes, the classification problem is
linear.
Common Linear Classifiers:
» Logistic Regression (for binary classificatian)
» Linear Support Vector Machine (SVM)
» Perceptron
» Linear Discriminant Analysis (LDA)
2. Non-Linear Classification
Non-linear classification 1S"used when the data cannot be separated by a straight line. Instead, the decision
boundary is curved or.complex:
Example:
e  SuppOse We Classify patients as "Healthy" or "At Risk" based on Blood Pressure and Heart Rate.
e _If the data points are clustered in a circular pattern, no straight line can separate them properly.
o We'need a non-linear decision boundary (e.g., a curve).
€ommen Non-Linear Classifiers:
»’ Kernel SVM (e.g., RBF Kernel, Polynomial Kernel)
» Decision Trees
» Random Forest
>

Neural Networks

Q36: Explain Bayesian algorithm

The Bayesian algorithm is based on Bayes' Theorem, which describes the probability of an event occurring based

on prior knowledge of related conditions. It is widely used in probabilistic machine learning models.
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1. Bayes' Theorem
Bayes' theorem provides a mathematical way to update probabilities based on new evidence:

P(B|A) - P(A)
P(B)

P(A|B) =
Where:
e P(AIB) — Posterior probability (probability of A given B)
e P(BIA) — Likelihood (probability of B given A)
e P(A) — Prior probability (initial probability of A)
e P(B) — Marginal probability (total probability of B)
2. Naive Bayes Classifier (A Popular Bayesian Algorithm)
The Naive Bayes classifier is a simple yet powerful classification algorithm based on Bayes' theorem. “ltassumes that all
features are independent (which is often not true in real life, but it works well in practice).
Types of Naive Bayes Classifiers:
» Gaussian Naive Bayes: Used when features follow a normal distribution (e.g., predicting height based on weight).
» Multinomial Naive Bayes: Used for text classification (e.g., spam detection).
» Bernoulli Naive Bayes: Used when features are binary (e.g., whetheba«ord*appears in an email or not).
Example: Spam Email Detection
Let’s classify an email as Spam or Not Spam based on the words it contaimns:
1. Prior Probability:
o P(Spam) = Probability that an email is spam.
o P(Not Spam) = Probability that an email.iSynet’spam.
2. Likelihood (Word Given Class):
o P(Word | Spam) = Probabilitysefia'word appearing in a spam email.
o P(Word | Not Spam) = RProliability of a word appearing in a non-spam email.
3. Final Calculation:
o Using Bayes' thieorem, we compute P(Spam | Words) to classify new emails.
3. Advantages of Bayesian Algorithms
» Fast and efficientheven,with large datasets.
> Works well withismall datasets compared to deep learning.
» Handles‘'missing data by relying on probabilities.
»  Greatior text classification problems (e.g., spam filtering, sentiment analysis).
4. Limitations
»® Feature independence assumption is unrealistic in many cases.
>\ IStruggles with correlated features, as it assumes each feature contributes independently.

» Not suitable for complex relationships like deep learning models.

Q37: Explain about Perceptron

A Perceptron is one of the simplest types of artificial neural networks used for binary classification. It is a fundamental
building block of deep learning models and helps understand how neurons work in artificial intelligence.
A perceptron is a type of linear classifier that makes predictions based on a weighted sum of input features

followed by an activation function.
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It follows the equation:
y=f(WX +0)

Where:

o X — Input features (e.g., pixel values in an image)

e W — Weights (learned during training)

e b — Bias term (adjusts the decision boundary)

e f— Activation function (determines the output)
2. Structure of a Perceptron
A perceptron consists of three main components:

» Input Layer — Takes the feature values as input.

» Weights & Bias — Adjusts the importance of each feature.

» Activation Function — Determines the final output (e.g., 0 or 1).
Example: Spam Email Classification
Imagine we have an email classification problem with two features:

e  X; = Number of spam words in the email

e X, = Length of the email

The perceptron calculates:
y = f(W1 X1+ Wi X2%0)
If y crosses a threshold, it classifies the email as spam (1) or net spam (0).
3. Activation Function in Perceptron
A perceptron uses a step activation function, Whieh*is defined as:

1, ifz>0
f(m)_{o, ifo <0

This means if the weighted sum is positive it outputs 1; otherwise, it outputs 0.
4. Perceptron Learning Algorithmg(How It Trains)
The perceptron learns by updating the weights using the Perceptron Learning Rule:
» Initialize weights,andbias randomly
»  For each-training example:
o  Compute the weighted sum: y=W X + b
o _Apply activation function
o Compare the predicted output with the actual label

e, Update weights using:
W =W + AW
Where

AW = Ct(yactual - ypredicted)X

Q38: Explain nearest neighbor (K-Nearest Neighbors — KNN)
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The Nearest Neighbor Classifier is a simple, yet powerful supervised learning algorithm used for classification
and regression tasks. It classifies a data point based on the class of its nearest neighbors.
The K-Nearest Neighbors (KNN) algorithm follows these steps:
1. Choose the number of neighbors (k)
2. Calculate distances between the new data point and all training points
3. Find the k closest neighbors
4. Assign the most common class among the k neighbors
Example:
Suppose we classify a fruit as Apple or Orange based on Weight and Color Intensity.
e If k=3, and the three closest neighbors are 2 apples and 1 orange, the new fruit is classified as/Apple (majority
class wins).
2. Choosing the Right kkk Value
e Small k (e.g., 1 or 3): More sensitive to noise, may overfit.
o Large k (e.g., 10 or 20): Smoother decision boundary, may underfit.
e Best Practice: Choose k using cross-validation (e.g., try different values and,pick-the best).
3. Distance Metrics Used in KNN
To determine the "nearest” neighbors, we use distance measures sdchras:

1. Euclidean Distance (default)

d=+/(z2 — z1)? el — y1)?

2. Manhattan Distance
d = |21 + [y2 — »

4. Advantages of KNN

v' Simple and easy to implement

v" Works well with small datasets

v" No need for training (lazy learning)

v Can handle multi-class,classification
5. Limitations of KNN
< Computationdlly expensive for large datasets (slow for big data).
% Sengsitive to irrelevant features and noise.
% Struggles with high-dimensional data (Curse of Dimensionality).
% ‘Requires choosing the right kkk value (not always straightforward).
6 Applications of KNN

e ) Image Recognition (e.g., handwritten digit classification)

e Recommendation Systems (e.g., movie recommendations)

e Medical Diagnosis (e.g., predicting diseases)

e Fraud Detection (e.g., identifying fraudulent transactions)

Q39: Give detail explanation about Support Vector Machine (SVM)

Support Vector Machine (SVM) is a powerful supervised learning algorithm used for classification and regression

tasks. It works by finding the best decision boundary that maximizes the margin between different classes.
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e Best for: Binary classification, text classification, image recognition, and bioinformatics.
e Key Idea: Find an optimal hyper plane that separates different classes in the feature space.
How SVM Works
a) Finding the Best Hyper plane
A hyper plane is a decision boundary that separates different classes. In a 2D space, it's a straight line, and in a 3D
space, it's a plane.
Example: Suppose we classify emails as Spam or Not Spam based on two features (word frequency and email length),
e If a straight line can separate them, SVM finds the best line that maximizes the margin (distance between ‘the
closest points of both classes).
e These closest points are called Support Vectors (hence the name "Support Vector Machine").
b) Maximizing the Margin
SVM selects the hyper plane with the largest margin (widest gap between classes) to improve generalization.
Margin = —
w
Where www is the weight vector that defines the hyper plane.
v Large margin — Better generalization — Less over fitting
v Small margin — High risk of misclassification
Types of SVM
a) Linear SVM (for Linearly Separable Data)
If the data is linearly separable, SVM finds a straight=line*hyper plane to separate the classes.
Example:
e Classifying customers based on age & income:
e Detecting fraudulent transactions.
b) Non-Linear SVM (for Complex Data)
If the data is not linearly separdble, we use the Kernel Trick to transform it into a higher-dimensional space where
it becomes separable.
Example:
e Recognizing handwritten digits.
o  Face detectioninimages.
Advantages of SVM
v" WorksWell for high-dimensional data (e.g., text classification).
v' “Effective in both linear and non-linear classification (using kernels).
¥4, Robust to outliers (due to margin maximization).
vy Memory-efficient, as it only uses support vectors.
7. Limitations of SVM
v Slow for large datasets (due to computational complexity).
v" Not suitable for highly overlapping classes (e.g., deep learning may perform better).
v Choosing the right kernel & hyper parameters requires tuning.
8. Applications of SVM
v' Text classification (spam detection, sentiment analysis).
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Handwritten digit recognition (MNIST dataset).
Bioinformatics (cancer detection using DNA sequencing).

Face detection in images (used in OpenCV).

RN NN

Stock market prediction (financial data analysis).

Q40: Explain about use of kernels

A kernel is a mathematical function that transforms data into a higher-dimensional space where it becomes easier
to classify using a linear separator. Kernels are mainly used in Support Vector Machines (SVM) and other machine
learning algorithms to handle non-linearly separable data.

Why Use Kernels?
» Many real-world datasets are not linearly separable.
» A kernel function maps the original data into a higher-dimensional space where a linear boundary‘€an separate the
classes.
» This technique is called the Kernel Trick, which allows SVM to work Wwithout, explicitly computing the
transformation (avoiding high computational costs).
How Kernels Work (Kernel Trick)

The Kernel Trick allows SVM to compute the similarity between,dataypoints in a higher-dimensional space
without actually transforming the data.

Instead of computing the transformation ¢(x) explicitly, we compute the Kernel function:
K(x.y)=0(x):0)

where:

o K(x,Y) is the kernel function that returns the similarity score.

o ¢(x) represents the mapping function to-higherdimensions.

e X, Y are the data points.
By using kernels, SVM can find a non-linear.decision boundary efficiently
Types of Kernels in SVM
a) Linear Kernel (For LinearlyaSeparable Data)

K(x.y)=x-y

e The simplest kernel, tused when data is already linearly separable.

e Computesithe detiproduct between feature vectors.

e Equivalentto standard SVM without a kernel.
b) Polyngmial Kernel (For Complex Relationships)

K(xy)=(Xx-y+c)
e, Captures non-linear relationships between features.
o) The degree (d) controls the complexity:
o d=2 — Quadratic
o d=3 — Cubic

c¢) Radial Basis Function (RBF) Kernel (Most Popular)

K(z,y) = exp(—|lz — y|]*)

e  Measures similarity using the distance between two points.
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e Works well when the decision boundary is highly non-linear.
e The y parameter controls how far the influence of a single data point extends:
o Highy — More flexible, captures local patterns (risk of overfitting).
o Low y — Smoother boundary, generalizes better.
d) Sigmoid Kernel (Inspired by Neural Networks)
K(x,y) =tanh (ax-y + C)
e  Mimics the activation function in neural networks.

e Works like an artificial neuron for pattern recognition.

Q 41: Explain about logistic regression

Logistic Regression is a supervised learning algorithm used for classification problems. It is widely*used for
binary classification (e.g., predicting whether an email is spam or not). Despite its name, it is a clagSification-algorithm, not
a regression algorithm.

Working of Logistic Regression
Logistic Regression predicts the probability that a given input belongs to a specifi¢ class. It does this by applying
the sigmoid function to a linear equation.
Sigmoid Function
a(z) = ;
s 1+ e
where:
o Z=W; Xy + Wy X + ... + W, X, + b (linear equation)
e w are the weights (coefficients) of the model
e X are the input features
e Dbisthe bias term
The sigmoid function ensures that the oudtputiis between 0 and 1, representing a probability.
Decision Boundary
o IfP(y=1]|X)>0.5<> Class 1 (Positive)
o IfP(y=1]Xy <5+ Class 0 (Negative)
The decision boundary/is, the'threshold that separates different classes.
Cost Function
Instead of using®Mean Squared Error (MSE) like Linear Regression, Logistic Regression uses the Log Loss (Binary Cross-

Entropy)functien:
J(8) = EZ['legf'y} F(1 - y)log(l — )]

where:

e yistheactual class (0 or 1)

. Y is the predicted probability

e misthe number of training examples
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Types of Logistic Regression
1. Binary Logistic Regression — Two-class classification (e.g., spam or not spam)
2. Multinomial Logistic Regression — More than two classes without ordering (e.g., different animal types)
3. Ordinal Logistic Regression — More than two classes with ordering (e.g., customer satisfaction: low, medium,
high)
Applications of Logistic Regression
Real-world uses:
e Email spam detection (spam vs. not spam)
o Disease prediction (diabetic vs. non-diabetic)
e  Customer churn prediction (customer stays or leaves)
e  Credit risk assessment (loan approved or not)
Assumptions & Limitations
Assumptions:
e The dependent variable is binary (or categorical for multinomial).
e The independent variables are not highly correlated (no multicollinearity).
e The dataset is large enough for reliable results.
Limitations:
e  Cannot model nonlinear relationships effectively.
e  Sensitive to outliers.
e Cannot handle missing values directly.
Implementing Logistic Regression in Python code
from sklearn.model_selection import train_testysplit
from sklearn.linear_model import LogisticRegression
from sklearn.metrics import accuragy“score
# Sample dataset (replace with geal data)
X =[[11, [2], [3], [4], [B}] ‘#.Features
y=1[0,0,1,1,1] # Labels(0or 1)
# Splitting the,dataset
X_train, X_test, yatrain, y_test = train_test_split(X, y, test_size=0.2, random_state=42)
# Creating-and training the model
model's,LogisticRegression()
model, fit(X_train, y_train)
# Making predictions
y_pred = model.predict(X_test)
# Evaluating the model
accuracy = accuracy_score(y_test, y_pred)
print(f'Accuracy: {accuracy:.2f}")

Q 42: Give an overview of naive bayes classifier with an example

Dr. KV Subba Reddy School of Business Management Page 48




Data Science with Python

Naive Bayes is a probabilistic machine learning algorithm used for classification tasks. It is based on Bayes’

Theorem and assumes that features are independent of each other (which is often not true, hence "naive"). Despite this

assumption, it works surprisingly well in many real-world applications.

Bayes' Theorem

where:

Naive Bayes is built on Bayes' Theorem, which calculates the probability of a class given the input data:

P(B
P(AIB) — =\

A)-P(4)

P(AIB) — Probability of class A given evidence B (Pos

P(B)

terior)

P(BIA) — Probability of evidence B given class A (Likelihood)

P(A) — Probability of class A occurring (Prior)
P(B) — Probability of evidence B occurring (Evidence)

Types of Naive Bayes Classifiers

1. Gaussian Naive Bayes

Assumes that features follow a normal (Gaussian) distri

Used for continuous data (e.g., height, weight, temperat

2. Multinomial Naive Bayes

Used for text classification where features represent wo

Example: Spam filtering, sentiment analysis.

3. Bernoulli Naive Bayes

Used when features are binary (0 or 1).

bution.

ure).

rdufrequencies.

Example: Whether a word appears in an.email“(spam detection).

Spam Detection using Naive Bayes

Let's classify emails as Spam (1) or Not,Spam (0) based on their content.
Step 1: Dataset

EmailText Spam (1) / Not Spam (0)
"Buy cheap medicine now" | 1 (Spam)
"Limited time offer" 1 (Spam)
"Win a free lottery" 1 (Spam)

"Meeting at 5 PM"

0 (Not Spam)

"Lunch tomorrow?"

0 (Not Spam)

"Project deadline update™

0 (Not Spam)

Implementing in Python

Wewill use Multinomial Naive Bayes since we are working with text data.

from sklearn.model_selection import train_test_split

from sklearn.naive_bayes import MultinomialNB

from sklearn.feature_extraction.text import CountVectorizer

from sklearn.metrics import accuracy_score
# Sample dataset

texts = ["Buy cheap medicine now", "Limited time offe

r', "Win a free lottery",
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"Meeting at 5 PM", "Lunch tomorrow?", "Project deadline update"]
labels =1, 1,1,0,0,0] #1=Spam, 0= Not Spam
# Convert text to numerical features
vectorizer = CountVectorizer()
X = vectorizer.fit_transform(texts)
# Split dataset into training and testing sets
X_train, X_test, y_train, y_test = train_test_split(X, labels, test_size=0.3, random_state=42)
# Train Naive Bayes classifier
model = MultinomialNB()
model.fit(X_train, y_train)
# Make predictions
y_pred = model.predict(X_test)
# Evaluate model
accuracy = accuracy_score(y_test, y_pred)
print(f'Accuracy: {accuracy:.2f}")
Advantages:
e Fast & scalable, even for large datasets.
o Works well with text data (e.g., spam filtering, sentiment afnalysis):
e Handles missing values well.
Disadvantages:
e Assumes independence of features, which is rarely teue.
e  Performs poorly when features are highly correlated.
Applications of Naive Bayes
e  Spam Filtering (Gmail, Yahoo Mail)
e Sentiment Analysis (Twitter, Anazen’Reviews)
e Medical Diagnosis (Disease prediction)

e Credit Risk Prediction(Loap-approvals)

Q 43: Discuss about decision-tree classifier

A Decision4ireeis a supervised learning algorithm used for classification and regression tasks. It works by
splitting datacinto smaller subsets based on conditions, forming a tree-like structure. The final result is a set of decision
rules that‘help classify new data points.

How Does a Decision Tree Work?
A Decision Tree consists of the following elements:
e/ Root Node: The starting point that contains the entire dataset.
¢ Internal Nodes: Decision points where data is split based on certain conditions.
e Branches: Paths that connect nodes based on decisions.
o Leaf Nodes: Final nodes representing a classification outcome.
The algorithm follows these steps:
1. Choose the Best Feature to Split

o Uses a splitting criterion (like Gini Index, Entropy, or Information Gain).
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2. Recursively Split the Data
o  Continue splitting until a stopping condition is met (e.g., all samples belong to one class).
3. Make Predictions
o A new data point follows the decision tree path to a leaf node, which gives the predicted class.
Decision Tree Splitting Criteria
To determine the best feature for splitting, we use impurity measures:
1. Gini Index (default in Scikit-Learn)

Measures the probability of misclassifying a randomly chosen element:

Gini — 1 /T‘ !.?:TJ
A lower Gini Index means better splits.
2. Entropy (Information Gain)

Measures the impurity of a node:
Entropy = — Z pilog, pi
3. Information Gain (IG) is calculated as:

IG = Entropy(Parent) — Z Weighted EntrepyiChild Nodes)
The feature with the highest Information Gain is selected forsplitting:
Advantages:
e Easy to understand & visualize.
e No need for feature scaling (e.g., Standardization, Nermalization).
o Works well with both numerical and categarical ‘data.
o Handles missing values better than many-other models.
Disadvantages:
e  Prone to overfitting (deep treesywithtoomany splits).
e  Sensitive to noisy data.
o Biased toward features with®more levels (can be solved using pruning).
Example: Decision TregClassifier’in Python
from sklearn.datasets.import load_iris
from sklearn‘treg,import DecisionTreeClassifier, plot_tree
importmatplotlib.pyplot as plt
# Load dataset
iris,=oad_iris()
X, y = iris.data, iris.target
# Train Decision Tree model
model = DecisionTreeClassifier(criterion="gini", max_depth=3, random_state=42)
model.fit(X, y)
# Plot Decision Tree
plt.figure(figsize=(12, 6))
plot_tree(model, feature_names=iris.feature_names, class_names=iris.target_names, filled=True)

plt.show()
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Applications of Decision Tree Classifiers
Real-World Uses:
e Medical Diagnosis (Predicting diseases)
e  Customer Churn Prediction
e  Fraud Detection (Credit card fraud, insurance fraud)

e Loan Approval Systems

Q 44: Explain about random forest

Random Forest is a supervised learning algorithm used for classification and regression tasks. It is an ensemble
learning method that combines multiple Decision Trees to improve accuracy and reduce overfitting.
Why is it called "Random Forest"?

o "Random" — Uses random subsets of data and features.

o "Forest" — Consists of multiple decision trees working together.
How Does Random Forest Work?
Random Forest follows these steps:

1. Bootstrap Sampling (Bagging):

o Randomly selects multiple subsets of training data (with replacement).
o Each subset trains a different Decision Tree.

2. Random Feature Selection:

o Instead of considering all features at each split,qit,Selects a random subset of features.
o  This reduces correlation between trees.

3. Voting/Averaging:

o For classification, the final predictionis made by majority voting among the trees.
o For regression, the final predictionis the average of all tree predictions.
Advantages:

e  More accurate than a single Detision-Tree.

e  Less prone to overfittingy(due to-averaging multiple trees).

o  Works well with largewdatasets & high-dimensional data.

¢ Handles missing-values effectively.

e Can handle beth,categorical & numerical data.

Disadvantages:

o _Computationally expensive (slower than a single Decision Tree).

o Lessinterpretable than a single Decision Tree.

e\ Not ideal for real-time applications due to multiple tree computations.

Random Forest Classifier in Python
from sklearn.datasets import load_iris
from sklearn.ensemble import RandomForestClassifier
from sklearn.model_selection import train_test_split
from sklearn.metrics import accuracy_score
# Load dataset

iris = load_iris()
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X, y = iris.data, iris.target
# Split dataset into training and testing sets
X_train, X_test, y train, y_test = train_test_split(X, y, test_size=0.3, random_state=42)
# Train Random Forest model
model = RandomForestClassifier(n_estimators=100, random_state=42)
model.fit(X_train, y_train)
# Make predictions
y_pred = model.predict(X_test)
# Evaluate model
accuracy = accuracy_score(y_test, y_pred)
print(f'Accuracy: {accuracy:.2f})
Applications of Random Forest
Real-World Uses:
e Fraud Detection (Credit card fraud, insurance fraud)
e Medical Diagnosis (Cancer detection, disease prediction)
e  Stock Market Prediction
e Customer Churn Prediction

e Loan Approval Systems

Q 45: Write about boosting and bagging with an example

Both Bagging and Boosting are ensemble learning techniques that improve model performance by combining multiple
weak models (usually Decision Trees).
e Bagging (Bootstrap Aggregating): Reduces variance by training multiple models in parallel on different subsets
of data.
e Boosting: Reduces bias by training ‘models sequentially, where each model learns from the mistakes of the
previous one.
Bagging (Bootstrap Aggregating)is,an-ensemble technique that:
1. Creates multiple randem subsets (bootstrap samples) from the original dataset with replacement.
2. Trains a separateqmodel™on each subset (usually Decision Trees).
3. Combings-predigtions using majority voting (for classification) or averaging (for regression).
Example: Random Forest (Bagging Algorithm)
RandomyForest is a classic example of bagging. It builds multiple Decision Trees, each trained on different
random subsets; and takes the majority vote as the final prediction.
Python,Implementation of Bagging (Random Forest Classifier)
from sklearn.ensemble import RandomForestClassifier
from sklearn.datasets import load_iris
from sklearn.model_selection import train_test_split
from sklearn.metrics import accuracy_score
# Load dataset
iris = load_iris()

X, y = iris.data, iris.target
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# Split dataset
X_train, X_test, y train, y_test = train_test_split(X, y, test_size=0.3, random_state=42)
# Train Random Forest model (Bagging technique)
model = RandomForestClassifier(n_estimators=100, random_state=42)
model.fit(X_train, y_train)
# Make predictions
y_pred = model.predict(X_test)
# Evaluate accuracy
accuracy = accuracy_score(y_test, y_pred)
print(fBagging (Random Forest) Accuracy: {accuracy:.2f})
Advantages of Bagging:
e Reduces overfitting by averaging multiple models.
e Improves stability and accuracy.
o Works well with high-variance models (like Decision Trees).
Disadvantages of Bagging:
e Requires more computational resources due to multiple models.
e Less effective on high-bias models (like Linear Regression).
Boosting
Boosting is an ensemble technique that:
1. Trains models sequentially, where each new model cerrects the errors of the previous model.
2. Assigns higher weights to misclassified points,sforcing the next model to focus on difficult cases.
3. Combines all weak models into a strong elassifier using weighted voting.
Example: AdaBoost (Adaptive Boosting)
AdaBoost builds a series of weaK'elassifiers, each correcting the mistakes of the previous one, and assigns weights
to improve classification.
Python Implementation of Bogsting'(AdaBoost Classifier)
from sklearn.ensemble import’AdaBoostClassifier
from sklearn.treeimport DecisionTreeClassifier
# Train AdaBoost. model (Boosting technique)
boost, madeh="AdaBoostClassifier(base_estimator=DecisionTreeClassifier(max_depth=1), n_estimators=50,
random, state=42)
boest model.fit(X_train, y_train)
# Make predictions
y_pred_boost = boost_model.predict(X_test)
# Evaluate accuracy
accuracy_boost = accuracy_score(y_test, y_pred_boost)
print(fBoosting (AdaBoost) Accuracy: {accuracy_boost:.2f}")
Advantages of Boosting:
¢ Reduces bias (better for weak models like Decision Trees with depth = 1).

e More accurate than a single model.
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o Works well with imbalanced datasets.
Disadvantages of Boosting:

e More prone to overfitting than Bagging.

e  Slower training due to sequential learning.

Differences Between Bagging and Boosting

Feature Bagging (Random Forest) Boosting (AdaBoost)

Purpose Reduces variance Reduces bias

Model Training | Parallel (independent models) Sequential (each model corrects errors)
Overfitting Less prone More prone

Speed Faster Slower (sequential training)

Weak Learners | Strong learners (fully grown trees) | Weak learners (shallow trees)

Feature Bagging (Random Forest) Boosting (AdaBoost)

When to Use Bagging vs. Boosting?

e Use Bagging (e.g., Random Forest) when:
o You have high variance models (like Decision Trees).
o You want a more stable, less overfitting model.
o You have plenty of computing power.

e Use Boosting (e.g., AdaBoost, Gradient Boosting, XGBoost), when:
o You need high accuracy and can tolerate longertraining.
o Your model has high bias (i.e., underfitting):

o You have imbalanced data.

Q 46: What is clustering? Explain partitional-andhiexarchical clustering

What is Clustering?
Clustering is an unsupervised4earfning technique used to group similar data points together based on their features.
It helps discover hidden patterns in data,when labels are not available.
Examples of Clustering Applications:
e  Customer Segmentationy(Marketing)
e Anomaly Detection (Eraud detection, cyber security)
e Image Segmientation (Computer Vision)
e  Genbmic Data Analysis (Biology & Medicine)
Types of Clustering Technigques
Clustering'methods are mainly divided into:
L, YPartitional Clustering
2. Hierarchical Clustering
Partitional Clustering
e Divides data into K non-overlapping clusters (each data point belongs to one cluster).
e Uses an iterative optimization process to refine clusters.
e Requires pre-defining the number of clusters (K).
Example: K-Means Clustering

e  Steps:
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1. Select K cluster centers randomly.
2. Assign each point to the nearest cluster center.
3. Compute new cluster centers by averaging points in each cluster.
4. Repeat until convergence.
Hierarchical Clustering
o Builds a tree-like hierarchy of clusters.
e Does not require pre-specifying K (humber of clusters).
e Can be Agglomerative (bottom-up) or Divisive (top-down).
Example: Agglomerative Hierarchical Clustering
e  Steps:
1. Start with each data point as an individual cluster.
2. Merge the closest clusters step by step.
3. Continue until all points form one cluster.

Differences Between Partitional & Hierarchical Clustering

Feature Partitional Clustering (K-Means) | Hierarchical*Clustering
Approach Divides data into K clusters Builds ahierarchy (tree)

Cluster Shape Assumes spherical clusters No“assumption on shape
Computational Cost | Fast (for large datasets) Stow (O(n?) complexity)
Scalability Works well for big data Not scalable for large datasets
Cluster Merging Clusters are formed independently | Clusters are merged step by step

Q 47: Discuss in detail about k-means clustering with antiexample

K-Means is a partitional clustering algorithin*that'groups data into K clusters. It is an unsupervised learning

technique used to find patterns in data.
Key Features of K-Means:

e Divides data into K non-overlapping clusters.

e  Uses centroids (cluster centers) to represent each cluster.

o lteratively refings cluster asSignments until convergence.

o Works well wherelusters are spherical and well-separated.
How Does K-MeansWork?
K-Means follows these 5 main steps:
Select K®Choose the number of clusters (K).
Initialize Centroids: Randomly place K initial cluster centroids in the dataset.

Assign Points to Clusters: Each data point is assigned to the nearest centroid.

S HFl)> -

Update Centroids: Compute new centroids by taking the mean of all points in a cluster.
5. Repeat Until Convergence: Steps 3-4 are repeated until centroids no longer change.
The algorithm stops when:
e  Centroids do not change significantly, or
e A maximum number of iterations is reached.
Example of K-Means Clustering in Python
Step 1: Import Required Libraries
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import numpy as np
import matplotlib.pyplot as plt
from sklearn.cluster import KMeans
from sklearn.datasets import make_blobs
Step 2: Generate Sample Data
# Generate random data with 3 clusters
X, _=make_blobs(n_samples=300, centers=3, cluster_std=1.0, random_state=42)
# Plot raw data
plt.scatter(X[:, 0], X[:, 1], s=50)
plt.title("Raw Data")
plt.show()
Step 3: Apply K-Means Clustering
# Apply K-Means with K=3
kmeans = KMeans(n_clusters=3, random_state=42)
kmeans.fit(X)
# Get cluster centers and labels
centroids = kmeans.cluster_centers_
labels = kmeans.labels_
Step 4: Visualize Clustering Results
# Plot clusters
plt.scatter(X[:, 0], X[:, 1], c=labels, cmap='viridis','s=50} alpha=0.6)
plt.scatter(centroids|:, 0], centroids[:, 1], c="red%marker="X', s=200, label="Centroids")
plt.title("K-Means Clustering Results™)
plt.legend()
plt.show()
Advantages:
e Simple & Fast: Efficient even‘on large datasets.
e Scalable: Can handle thousands of data points.
e Interpretable & Easy‘to Implement.
Disadvantages:
o NeedsK as input: Choosing the right K is difficult.
o “(Sensitive to Initial Centroids: Bad initialization can lead to poor clustering.
oW Fails for Non-Spherical Clusters: Assumes clusters are spherical and evenly sized.
Variations of K-Means
1. K-Means++ — Improves centroid initialization, reducing convergence time.
2. Mini-Batch K-Means — Faster, processes data in small batches.

3. Fuzzy C-Means — Allows data points to belong to multiple clusters.

Q 48: Discuss about least squares

Least Squares is a mathematical approach used to minimize the error in regression models by reducing the sum of

squared differences between actual and predicted values.
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It is commonly used in Linear Regression to find the best-fit line that minimizes the total squared error between observed
data points and predicted values.
Applications of Least Squares:

e Linear Regression (Predicting trends in data)

e Economics (Forecasting financial trends)

e Physics & Engineering (Curve fitting in experiments)
Least Squares in Linear Regression

In Simple Linear Regression, we model the relationship between an independent variable (X) and a dependent
variable () using the equation:
Y=mX+c

Where:

e Y =Predicted value

e X =Input feature

o m = Slope of the line (coefficient)

e C = Intercept

The goal of Least Squares is to find m and ¢ such that the sum of squared’efrersy(SSE) is minimized:

SSE — im ~V;)?
i=1

Where:
e Y, = Actual value
e Y, = Predicted value (mXs + c)

= n = Number of data points
Deriving the Least Squares Solution forLinear Regression
To minimize SSE, we take partial derivatives and solve for m and c:
nS(XY)-Y XYY
nd X2 (Y X)?

MY -m) X

n

m =

These formulasi@ompute the best-fit line parameters for Linear Regression.

Alternative Approach: Least Squares can also be solved using Matrix Form:
= (Xx'x)'x'Yy
Where:
e X =Feature matrix
e Y =Target values
e [ (Beta coefficients) = Solution for regression weights
Types of Least Squares Methods
e Ordinary Least Squares (OLS) — Standard method for solving linear regression.
o  Weighted Least Squares (WLS) — Assigns different weights to different data points.
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e Total Least Squares (TLS) — Used when both X and Y contain noise.

e Regularized Least Squares — Adds penalty terms (used in Ridge & Lasso Regression).
Advantages:

e Easy to implement & interpret.

e  Provides an optimal linear fit for data.

o Works well for small datasets.
Disadvantages:

e  Sensitive to outliers (large errors have a high impact).

e Assumes linear relationships (fails for non-linear data).

e Assumes normally distributed errors (which may not always be true).

Q 49: Explain about evaluation metrics

Evaluation metrics are quantitative measures used to assess the performance of a{machinedearning model. They

help determine how well a model makes predictions and guide model improvements.
Why Are They Important?

o  Compare different models objectively.

o Identify over fitting or under fitting.

e  Optimize hyper parameters for better results.
Evaluation Metrics for Regression Models
Regression models predict continuous values (e.g., house prices, stackprices).
A. Mean Absolute Error (MAE)

1 )
MAESSEN Y, - Y
n —

» Measures the average absolute difference between actual and predicted values.
» Lower MAE means better accuracy.
Easy to interpret, but does not punistrlarge errors enough.
Mean Squared Error (MSE)
1 s
MSE = =) (Y- Vi)’

n

» Penalizes-largeneérrors more than MAE because it squares the differences.
» Lower MSE means a better model.
Good far optimization but sensitive to outliers.

Root Mean 'Squared Error (RMSE)
RMSE — VMSE
Similar to MSE, but the square root makes it more interpretable.
Preferred when large errors need more attention.
R2 Score (Coefficient of Determination)
9 MY - Yi)?
et E{ci 7
» Measures how well the model explains variance in the data.
» R2ranges from 0 to 1 (closer to 1 = better fit).
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o  Useful for comparing different models.
Evaluation Metrics for Classification Models
Classification models predict categorical values (e.g., spam vs. not spam, fraud detection).

A. Accuracy
TP + TN
TP + TN + FP + FN

Accuracy =

Measures the percentage of correct predictions.
»  Useful when classes are balanced, but misleading for imbalanced datasets.
Precision

TP
TP + FP

Precision —

Q 50: Give detail explanation about Root Mean Squared Error (RMSE) with an example.

Root Mean Squared Error (RMSE) is a commonly used metric to measure the“difference between the actual
values and the predicted values in a model. It represents the standard deviation of the residuals (prediction errors), which
are the differences between predicted and actual values.

Mathematically, RMSE is given by:

Tl

RMSE \Tix;“*‘* )2

i

where:

e 1 = Number of data points

e y; = Actual values

~

* y; = Predicted values

e (y; — ;) = Error for eachwiata point
Key Features of RMSE
e RMSE measures,the average magnitude of the errors.
e It gives higherweightto larger errors due to the squared term, making it sensitive to outliers.
e Lower RMSEyalues indicate a better model fit.
Example Calculation.of RMSE
Step 1: Given Data
Suppose we,have a dataset with actual and predicted values:

Data Point Actual Value (1;) Predicted Value (y;) Error (1; — ;) Squared Error ((ji;; = ji};]2)
1 3 2.5 0.5 0.25
2 5 47 0.3 0.09
3 2 31 -11 1.21
4 8 7.5 0.5 0.25
5 B 5.3 0.7 0.49

Step 2: Compute RMSE

1. Compute the sum of squared errors:
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0.25+0.09+1.21 +0.25 + 0.49 = 2.29
2. Compute the mean squared error (MSE):

MSE = -

= 0.458

3l

3. Take the square root to get RMSE:
RMSE — +/0.458 = 0.677

Interpreting RMSE
e RMSE of 0.677 means that, on average, our predictions are about 0.677 units away from the actual yalues.
o A lower RMSE indicates better accuracy, while a higher RMSE suggests poor model performances
Comparison with Other Error Metrics
e Mean Absolute Error (MAE): Takes the absolute difference instead of squaring, fakihg it less sensitive to

outliers.
e Mean Squared Error (MSE): Similar to RMSE but without the square root, making it'harder to interpret.

e R2(Coefficient of Determination): Measures how well the model explains variance in data.

Q 51: Write about Mean Absolute Error (MAE) with an example.

Mean Absolute Error (MAE) is a widely used metric to_measure the average magnitude of the errors between
actual and predicted values in a model. Unlike Root Mean Squared“Error (RMSE), MAE does not square the errors,
making it less sensitive to outliers.

Mathematically, MAE is given by:
l i
M A== Y — U
ZI‘ yi — B

where:
e 1= Number of data points
e ;= Actual values
® i; = Predicted yalues

s |y; — i;| s-Absglure-error for each data point

Key Featuresief MAE

o {Measures the average absolute differences between actual and predicted values.

* o Lesssensitive to large errors compared to RMSE since it does not square the differences.

o), "MAE is in the same unit as the target variable, making it easy to interpret.
Example Calculation of MAE
Step 1: Given Data
Suppose we have the following dataset:

| Data Point | Actual Value (y;) | Predicted Value (i};) | Absolute Error ((y; — ;) | |------------ |-------------

S [ |11]13125]05(]2|5|47]03]|3]2]31|11]|4]8|75]05
|15]6]5.3|0.7]
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Step 2: Compute MAE
1. Compute the sum of absolute errors:
0.5+0.3+1.1+0.5+0.7=3.10.5 + 0.3 + 1.1 + 0.5 + 0.7 = 3.10.5+0.3+1.1+0.5+0.7=3.1
2. Compute the mean absolute error:

3.1

B
Interpreting MAE
¢ MAE of 0.62 means that, on average, our predictions are 0.62 units away from the actual values.
o Lower MAE values indicate better model performance.

o Unlike RMSE, MAE treats all errors equally, regardless of magnitude.

Q 52: Explain about coefficient of Determination (R-square)

The coefficient of determination (R?) is a statistical measure that indicates how well adregression model explains the
variability of the dependent variable (y). It represents the proportion of variance in the actualvalues that is predictable
from the independent variables.

Mathematically, R? is calculated as:

RB o _]_ J\F;AF;;-F-S
- S S?.}f

Where:

2

e SS..s = Y .(yi — 9;)° (Residual Sum of Squares)

o SSit = Y. (y; — y)? (Total Sum of Squares)
* iy; = Actual value

e i; = Predicted value

s iy = Mean of actual values

Interpreting R?
e R?=1 — The model perfectly predicts the target variable.
e R?=0 — The modehdoes not explain any variability in the target variable.
e R?<0 — Thehiodelis worse than simply using the mean (y"\bar{y}y") as the prediction.
A higher R? value indicates a better model fit, but it does not mean the model is accurate—a high R? can still result in poor
predictions if thexmodel is over fitting.
ExampleiCaleulation of R?
Step.1: Given Data

Suppose we have actual and predicted values:

Data Point Actual Value (y;) Predicted Value (4;)
1 3 2.5
2 5 47
3 2 31
4 8 7.5
5 6 5.3
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Step 2: Compute Components

1. Calculate the mean of actual values (y7):

_3+5+2+8+6

0] — =438
]
2. Compute Total Sum of Squares (SST):

SSpt = (3-4.8)*+ (5-4.8)+ (2-4.8)° + (8—4.8)* + (6-4.8"
=(-1.8)%+ (0.2)% + (-2.8)* + (3.2)* + (1.2)°
=3.24+0.04+7.84+10.24+1.44=228

3. Compute Residual Sum of Squares (SSR):

SSws  =(3-2.5)%+(5-4.7)° + (2-3.1)* + (8-7.5)* + (6-5.3)°
=(0.5)% + (0.3)°+ (—1.1)* + (0.5)* + (0.7)°
=0.25+0.09+1.21 +0.25 +0.49=2.29

4. Compute R*:
5 SSres 2.29
R-—1 S5, -1 293

R?=1-0.1004 - 0.8996
So, R? == 0.90 (og908),

Interpreting the Result
e  The model explains 90% of the variance in the targetiwariable.
e Since R?is close to 1, it suggests a good madel fif:
o However, we should check other metrics (like RMSE and MAE) to assess model accuracy.
Limitations of R?
1. Does not indicate accuracy — A high R4 doesn’t mean predictions are close to actual values.
2. Cannot detect overfitting — A complex model might have a high R? but fail on new data.

3. Not useful for non-linedr relationships — If the data is non-linear, R* might not be reliable.

Q 53: Explain cost function with an example

A cost functionisya'mathematical function that measures how well a machine learning model is performing. It
quantifies the difference between the actual values (y) and the predicted values (y*) from the model. The goal of training a

model is to minimize the cost function so that predictions are as accurate as possible.
Types ofiCost Functions

1, Regression Cost Functions
Used in problems where the output is continuous.

(a) Mean Squared Error (MSE)

T
o

1
MSE = =S (: — i)’
= ()

i=1

e Squares the errors, making it sensitive to outliers.
e  Commonly used in linear regression.
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(b) Mean Absolute Error (MAE)

l TL
MAE — = i — Ui
- ; lyi — il

e Takes the absolute difference, making it less sensitive to outliers than MSE.

(c) Root Mean Squared Error (RMSE)

e  Measures error in the same units as the target variable.

RMSE — v MSFE \\\
e More sensitive to large errors than MAE. a@
2. Classification Cost Functions @0
Used in problems where the output is categorical. %\\
(a) Cross-Entropy (Log Loss) %
1 n ) X
J(6) = L Z wilog(gi) + (1 — y;) log(1 %@b
i=1
)
e Used in logistic regression and neural networks. %\\\

e  Penalizes incorrect classifications heavily. %
(b) Hinge Loss x
n \Q
J(0) =

(0.1 - yig)
7 "I\
e Used for Support Vector Machi %
e Encourages a larger margin b n% ses.
Example Calculation of Cost t SE)
Step 1: Given Data
| Data Point Actual Value (1;) ‘ Predicted Value (3;) Error (i — i) Squared Error

(1\‘\“ '3 25 0.5 025
\v

5 47 0.3 0.09

N
\& o 2 31 11 121
& 4 8 75 05 0.25
& 5 [ 53 0.7 0.49
Steb. Compute MSE

0.25 +0.09 + 1.21 4 0.25 + 0.49
3

MSE =

2.29
= —— —(0.458
5

So, the MSE = 0.458, meaning our model's average squared error is 0.458.
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Q 54: Discuss about training and testing a classifier

Training and testing a classifier are fundamental steps in building a machine learning model. Here's a breakdown
of the process with an example:
1. Data Preparation
e Gather data: Collect a dataset relevant to the classification task. For example, if you want to classify images of
cats and dogs, you'd need a collection of images labeled as "cat" or "dog."
e Split data: Divide the dataset into two parts:
o Training set: Used to teach the classifier the patterns and features associated with each class.
o Testing set: Used to evaluate the classifier's performance on unseen data.
2. Training the Classifier
e Choose a classifier: Select an appropriate algorithm for your task. Examples include:
o Logistic Regression: For binary classification problems.
o Support Vector Machines (SVM): Effective in high-dimensional spaces.
o Decision Trees: Easy to interpret but prone to overfitting.
o Random Forests: An ensemble method that combines multiple de€isiontrees.
e Train the model: Feed the training data to the chosen classifier. The,algarithm learns the relationships between
the features of the data and the corresponding classes.
3. Testing the Classifier
e Evaluate performance: Use the testing set to assess how. well the classifier generalizes to new data. Common
metrics include:
o Accuracy: The percentage of correctlyiclassified instances.
o Precision: The proportion of true pesitives among the predicted positives.
o Recall: The proportion of true‘positives among the actual positives.
o Fl1-score: A balanced, measure,that combines precision and recall.
e Analyze results: Examine the €lassifier's performance and identify any areas for improvement.
Example: Classifying Emails asySpameer Not Spam

1. Data: You have adataset'of emails labeled as "spam" or "not spam."

2. Training«You'choose a Naive Bayes classifier and train it on the training set of emails. The classifier learns to
identify features’commonly associated with spam emails, such as certain keywords, sender addresses, or email
structure.

34 Testing: You use the testing set of emails to evaluate the classifier's performance. You calculate the accuracy,
precision, recall, and F1-score to assess how well it can classify new emails as spam or not spam.

kmpgartant Considerations:
e ) Data quality: The quality of the training data significantly impacts the classifier's performance. Ensure the data is
clean, labeled correctly, and representative of the problem you're trying to solve.
e Overfitting: If the classifier is too complex, it might memorize the training data and fail to generalize to new data.
Techniques like cross-validation and regularization can help prevent overfitting.
e Hyperparameter tuning: Many classifiers have adjustable parameters that can affect their performance.

Experiment with different parameter values to find the optimal settings.

Dr. KV Subba Reddy School of Business Management Page 65




Data Science with Python

By following these steps, you can train and test a classifier to build a machine learning model that can accurately

categorize data into different classes

Q 55: Explain cross-validation with an example

Cross-validation is a technique used to evaluate the performance of a machine learning model, particularly when
you have limited data. It helps to ensure that your model generalizes well to unseen data and avoids overfitting.
The Problem:

Imagine you're building a model to predict house prices based on features like size, location, and number of
bedrooms. You have a dataset of 1000 houses with their features and prices.
The Challenge:

If you train your model on all 1000 houses and then test it on the same data, it might perform vecy,well, but it
might not generalize well to new houses. This is because the model might have memorized specific details@fithe training
data instead of learning the underlying patterns.

The Solution: Cross-Validation
Cross-validation helps address this by splitting your data into multiple parts andtraining/testing the model on
different combinations of these parts.
K-Fold Cross-Validation:
A common type of cross-validation is k-fold cross-validation. Here's how ityworks:
1. Divide the data: Split your 1000 houses into k equal parts (felds). For example, if k=5, you'll have 5 folds of 200
houses each.
2. Train and test:
o For each fold, use it as the test set and the,remaining k-1 folds as the training set.
o Train your model on the training set.
o Evaluate the model's performancergnethe test set (the fold you held out).
Repeat: Repeat step 2 k times, soedeh\fold is used as the test set once.
4. Aggregate: Calculate the average performance across all k folds. This gives you a more reliable estimate of how
well your model will perfasmien)unseen data.
Example with k=5:
e Fold 1: Trainon folds'2;'3, 4, 5. Test on fold 1.
Fold 2: Traindn¥olds 1, 3, 4, 5. Test on fold 2.
Fold-3: Traimon folds 1, 2, 4, 5. Test on fold 3.
Fold4&Train on folds 1, 2, 3, 5. Test on fold 4.
Fold5: Train on folds 1, 2, 3, 4. Test on fold 5.

Benefits of Cross-Validation:

o) Better performance estimate: Provides a more robust estimate of how well your model will perform on new
data.
e Reduces over fitting: Helps identify if your model is over fitting the training data.

e Hyper parameter tuning: Can be used to select the best hyper parameters for your model.

Q 56: Explain class-imbalance. Explain different ways of handling class-imbalance

Class Imbalance
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Imagine you're building a model to detect fraudulent credit card transactions. You have a dataset with tons of
legitimate transactions, but very few fraudulent ones. This is class imbalance: one class (legitimate transactions) heavily
outweighs the other (fraudulent transactions).

Why is it a problem?

e Biased Models: Most machine learning algorithms aim to maximize overall accuracy. With imbalanced data, they
might get really good at predicting the majority class (legitimate transactions) but fail miserably at the minority
class (fraudulent ones).

e Misleading Metrics: Accuracy can be deceptive. A model that always predicts the majority class might have high
accuracy, but it's useless for detecting the minority class, which is often the most important one.

Handling Class Imbalance
Here are some common strategies:
1. Resampling Techniques:
o Oversampling: Increase the number of minority class examples.
= Duplication: Simply copy existing minority class instances.
= SMOTE (Synthetic Minority Oversampling Technique)m&Generate new synthetic examples
for the minority class. SMOTE creates new data peints‘in the feature space, rather than just
duplicating existing ones.
o Undersampling: Reduce the number of majority €lass.examples.
= Random Undersampling: Randomly refove majority class instances.
=  Tomek Links: Remove majority €lassiinstances that are "close” to minority class instances.

2. Cost-Sensitive Learning:

o Assign different costs to misclassifications. Make it more "expensive" for the model to misclassify a
minority class instance. This eneceutages the model to pay more attention to the minority class.

3. Ensemble Methods:

o Combine multiple modelsy Each model might be trained on a different subset of the data or with different
resampling techmiques. SFhis can help to improve overall performance, especially on the minority class.

4. Anomaly Detection:

o Treat the~minority class as an anomaly. Use anomaly detection techniques to identify these rare

instances.

Q 57: Explain brigfly,about evaluation metrics

Evaluation metrics are used to measure how well a machine learning model performs. For classification models,
these metri€syhelp determine accuracy, precision, recall, F1-score, and more. Let's go over the most common evaluation
metries with examples.

1 Confusion Matrix

A confusion matrix is a table that helps visualize how well a classifier performs by comparing actual vs. predicted

labels.

Example Confusion Matrix for a Binary Classifier:

Predicted Positive | Predicted Negative
Actual Positive (1) | True Positive (TP) | False Negative (FN)
Actual Negative (0) | False Positive (FP) | True Negative (TN)
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e  True Positive (TP) — Model correctly predicts Positive.

e  True Negative (TN) — Model correctly predicts Negative.

e False Positive (FP) — Model incorrectly predicts Positive (Type I Error).

e False Negative (FN) — Model incorrectly predicts Negative (Type Il Error).
2. Accuracy
The percentage of correctly classified instances out of all instances.

TP +TN
TP +TN + FF + FN

Accuracy =

3. Precision (Positive Predictive Value)

The proportion of positive predictions that are actually correct.

Precision — — LE
Tecision ﬁ

4. Recall (Sensitivity / True Positive Rate)

The proportion of actual positives that the model correctly identifies.

TP

Recall = —
TP + FN

5. F1-Score (Harmonic Mean of Precision & Recall)

Balances precision and recall to give a single performance measuré!

Pregisiwmy Recall
F1—2x

Preesion + Recall
Example:
If Precision = 0.75 and Recall = 0.85:

0.75 = 0.85

K
0.75 4+ 0.85

= 2

Best when you need a balance befweenpreeision and recall.
6. Specificity (True Negative Rate)
Measures how well the modehdetects negative cases.
. pe TN
Speci ficity — TN * FP
Important in medical tests where missing a disease (FN) is worse than a false alarm (FP).
7. ROC'€urve & AUC (Receiver Operating Characteristic & Area Under Curve)
The ROC curve plots True Positive Rate (Recall) vs. False Positive Rate (1 - Specificity).
o) "AUC (Area Under Curve) ranges from 0 to 1 (higher is better).
e AUC =0.5 (random guessing), AUC = 1 (perfect classifier).

Useful for imbalanced datasets and threshold-based classification.

Q 58: Explain in detail about precision and recall in evaluation metrics

What are Precision and Recall?
Imagine you're building a spam email filter. Your model predicts whether an email is spam (positive) or not spam

(negative). Here's how precision and recall come into play:
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e Precision: Out of all the emails your model predicted as spam, what proportion was actually spam? It measures
how accurate your positive predictions are.
e Recall (Sensitivity or True Positive Rate): Out of all the emails that were actually spam, what proportion did
your model correctly identify as spam? It measures how well your model finds all the actual positives.
Formulas:
e  Precision = True Positives / (True Positives + False Positives)
e Recall = True Positives / (True Positives + False Negatives)
Let's break down the components:
e  True Positives (TP): Emails correctly identified as spam.
e  False Positives (FP): Emails incorrectly identified as spam (ham labelled as spam).
o False Negatives (FN): Spam emails that were missed by the filter (spam labelled as ham).
Example:
Suppose you have 100 emails. 40 are actually spam. Your model predicts 50 emails as spam.
e Out of those 50 predicted as spam, 30 were actually spam (TP).
e  This means 20 were incorrectly predicted as spam (FP).
e Out of the 40 actual spam emails, your model correctly identified 30,-meaning it missed 10 (FN).
Now, let's calculate precision and recall:
e Precision =30/ (30 + 20) = 0.6 (60% of the emails predictedas spam were actually spam)

e Recall =30/ (30 + 10) = 0.75 (Your model correctly identified 75% of the actual spam emails)

Precision and recall tell different stories about your model’s\performance:

e High Precision: Your model is good at.natdlabeling non-spam as spam. It's cautious and makes fewer mistakes
when predicting positive.

e High Recall: Your model is good atifinding most of the actual spam emails. It's less likely to miss actual positives.

The Trade-off:
Often, there's a trade-off betweénpreeision and recall. Improving one might come at the expense of the other.

e Imagine a super strict'spam filter with very high precision. It's very sure when it labels something as spam, so it
makes very féw-falseipositive errors. But, it might have low recall because it might miss some spam emails to
avoid false.pesitives.

e On the other hand, a very sensitive spam filter might have high recall. It catches almost all spam, but it might also

Rave lower precision because it might flag some legitimate emails as spam.

Q 59: Explain’in detail about Roc & AUC in evaluation metrics

ROC (Receiver Operating Characteristic) Curve
Imagine you're building a model to predict who will default on their loans. You have a dataset with features like credit
score, income, and loan amount, and you want to predict whether someone will default (positive class) or not (negative
class).
e The ROC curve is a visual representation of your model's performance across different classification thresholds.
o What's a threshold? Many models don't just give a "yes/no" prediction. They give a probability (e.g.,
"there's an 80% chance this person will default™). You then set a threshold (e.g., 50%) — if the probability

is above the threshold, you predict "default.”
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o Varying the threshold: The ROC curve shows you what happens to your model's performance as you
change this threshold.
e  What does it plot?
o Y-axis: True Positive Rate (TPR) or Recall: How many of the actual defaulters did your model correctly
predict?
o X-axis: False Positive Rate (FPR): How many of the non-defaulters did your model incorrectly predict as
defaulters?
o Ideal scenario: A perfect model would have a ROC curve that goes straight up to the top left corner. This means
it has a TPR of 1 (catches all defaulters) and an FPR of 0 (makes no incorrect predictions).
e Random guessing: A model that's no better than random guessing would have a ROC curve that'®adiagonal line
from the bottom left to the top right.
AUC (Area Under the Curve)
e The AUC is a single number that summarizes the overall performance of your miedelylt's'the area under the ROC
curve.
e Interpretation:
o AUC close to 1: Excellent performance. The model is veryageod at distinguishing between the two
classes.
o AUC close to 0.5: No better than random guessing-
o AUC below 0.5: The model is actually worse“than random guessing (you can improve it by simply
flipping the predictions!).
Why are ROC and AUC useful?
e Comprehensive view: They show you howyour model performs across all possible thresholds, not just at one
specific threshold.
e Comparison: You can use AUGytoncompare different models. The model with the higher AUC is generally
better.
e Imbalanced datasets:<dROC and)AUC are less sensitive to class imbalance than accuracy.
Example:
Imagine you have two modelsior Toan default prediction.
¢ Model A; AUE 50185
e Model BXAUC™=0.70
Model A is betterat distinguishing between defaulters and non-defaulters.
Important Nete: While AUC is a useful metric, it's not always the best choice. In some cases, other metrics like precision
andyrecall might be more relevant, depending on the specific problem and the costs associated with different types of

errors:

Q 60: Define confusion matrix. Explain with an example.

A confusion matrix is a table used to evaluate the performance of a classification model. It compares the actual
class labels with the predicted class labels, showing how well a model performs and where it makes errors.

It is particularly useful in binary classification and multi-class classification problems.
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1. Structure of a Confusion Matrix (Binary Classification)

For a binary classification problem (e.g., predicting "spam" vs. "not spam"), the confusion matrix has four

components:

Explanation of Terms:

Actual \ Predicted

Predicted Positive (1)

Predicted Negative (0)

Actual Positive (1)

True Positive (TP)

False Negative (FN)

Actual Negative (0)

False Positive (FP)

True Negative (TN)

e True Positive (TP): Model correctly predicts a positive class (e.g., spam email is correctly classified as spam).

e True Negative (TN): Model correctly predicts a negative class (e.g., normal email is correctly classified as not

spam).

o False Positive (FP) (Type I Error): Model incorrectly predicts positive when it's actually @edative (e.g., normal

email wrongly classified as spam).

o False Negative (FN) (Type Il Error): Model incorrectly predicts negative wheniit'sactually positive (e.g., spam

email wrongly classified as normal).

2. Example: Spam Email Classification

Let's say we test a spam classifier on 10 emails, and the actual vs. predictedyresults are as follows:

Email Actual Label (Truth) | Predicted "abel
Email 1 | 1 (Spam) T (Spam) v (TP)
Email 2 | 0 (Not Spam) 0 (Not Spam) v (TN)
Email 3 | 1 (Spam) 0 (Not Spam) x (FN)
Email 4 | 0 (Not Spam) 1 (Spam) x (FP)
Email 5 | 1 (Spam) 1 (Spam) v (TP)
Email 6 | 0 (Not'Spam) 0 (Not Spam) v (TN)
Email A% (Spam) 1 (Spam) v (TP)
Email 8, |, 0"(Not Spam) 0 (Not Spam) v (TN)
Email®” | 1 (Spam) 1 (Spam) v' (TP)
Email 10 | 0 (Not Spam) 0 (Not Spam) v' (TN)

Confusion Matrix forithis Example:

Predicted Spam (1)

Predicted Not Spam (0)

Actual Spam (1)

4 (TP)

1 (FN)

Actual Not Spam (0)

1 (FP)

4 (TN)

3. Key Performance Metrics Derived from Confusion Matrix

Using the confusion matrix, we can compute important evaluation metrics:

1. Aecuracy (Overall correctness)

Accuracy —

TP +TN

TP +TN + FP + FN

Useful when the dataset is balanced, but misleading for imbalanced datasets.

2. Precision (Positive Predictive Value)
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TP
TP + FP
Important when False Positives are costly (e.g., spam detection, fraud detection).

Precision —

3. Recall (Sensitivity / True Positive Rate)
TP
TP + FN
Important when False Negatives are costly (e.g., cancer detection, fraud detection).

Recall —

4. F1-Score (Harmonic Mean of Precision & Recall)

Precision x Recall

Fl=2x
Precision + Recall
0.8 = 0.8 L
0.8 + 0.8

Best when both precision and recall are important.
Python Code to Generate a Confusion Matrix
from sklearn.metrics import confusion_matrix, accuracy_score, precision_score, recall_score,f1”score
# Actual labels (ground truth)
y true=[1,0,1,0,1,0,1,0,1,0]
# Predicted labels by the model
y pred=[1,0,0,1,1,0,1,0,1,0]
# Compute confusion matrix
cm = confusion_matrix(y_true, y_pred)
# Print confusion matrix
print("Confusion Matrix:\n", cm)
# Compute and print key metrics
print("Accuracy:", accuracy_score(y_true, y) pred))
print("Precision:", precision_score(yatrue, y_pred))
print("Recall:", recall_score(y«trueyy pred))
print("F1 Score:", f1_scare(yatrte, y _pred))
Output:
Confusion Matrix
[[4 1]
[141]
Accuracy: 0.8
Precision: 0.8
Recall: 0.8
F1 Score: 0.8

Q 61: Explain about classification accuracy

Classification Accuracy
Classification accuracy is a fundamental metric used to evaluate the performance of a classification model. It
measures how well the model can correctly predict the class labels of data instances.

Definition
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Classification accuracy is calculated as the ratio of correctly classified instances to the total number of instances.
In other words, it represents the percentage of correct predictions made by the model.

Formula

Accuracy = (Number of Correct Predictions) / (Total Number of Predictions)
Diagram

Let's visualize classification accuracy using a simple example:
Imagine you have a dataset of images, some of cats and some of dogs. Your classification model predicts whether an image

is a cat or a dog.

PREDICTIVE VAILLIFS

POSITIVE (CAT) # keytodatasci...

‘ TRUE POSITIVE FALSE NEGATIVE

et 3 | e

ERROR

TRUE NEGATIVE

(ole" 2 sl 4

- -

weer b S .

“RROR

" FALSE POSITIVE

confusion matrix with cats and dogs
In this diagram:

e  True Positive (TP): The model correctly predicted "cat" fof,an image that was actually a cat.

e  True Negative (TN): The model correctly predicted*dog*for an image that was actually a dog.

e False Positive (FP): The model incorrectly predicted,“cat” for an image that was actually a dog.

e False Negative (FN): The model incorrectly predicted "dog" for an image that was actually a cat.
Calculating Accuracy

To calculate accuracy, you sum up,thie-number of correct predictions (TP + TN) and divide it by the total number

of predictions (TP + TN + FP + FN).
Example

Let's say in the diagram:

e TP=80
e TN=70
e FEP =120
o FN=30

Accuraey.,= (80 + 70) / (80 + 70 + 20 + 30) = 150/ 200 = 0.75 or 75%
This means the model correctly classified 75% of the images in the dataset.
Limitations of Accuracy
While accuracy is a simple and intuitive metric, it has limitations:

e Imbalanced datasets: Accuracy can be misleading when dealing with imbalanced datasets, where one class has
significantly more instances than the other. In such 1 cases, a model might achieve high accuracy by simply
predicting the majority class most of the time.

e Cost of errors: Accuracy doesn't consider the cost of different types of errors. In some applications, false

positives might be more costly than false negatives, or vice versa.

Dr. KV Subba Reddy School of Business Management Page 73



Data Science with Python

UNIT-I1V

Q62: Explain about Multilayer perceptron with an example

What is a Multilayer Perceptron (MLP)?

An MLP is a type of feedforward artificial neural network. "Feedforward" means that information flows in one

direction, from the input layer through hidden layers to the output layer. It's called a "multilayer" perceptron because it has

multiple layers (at least one hidden layer), unlike a simple perceptron which has no hidden layers.
Structure of an MLP:
An MLP consists of:

1. Input Layer: Receives the initial data or features. Each node in the input layer represents a featuref
2. Hidden Layer(s): One or more layers between the input and output layers. These layers areSwhere the network
learns complex patterns in the data. Each node in a hidden layer receives input from atl,nedesin the previous
layer.
3. Output Layer: Produces the final result or prediction. The number of nodes in“the,output layer depends on the
task (e.g., one node for binary classification, multiple nodes for multi-class clasSification).
Diagram
Input Layer Hidden Layer 1 Hidden Layer 2 Output Layer
| x1 x2 | | hmi hiz | | h2zt h22 |, Y o? o2
AY / AY / \ yZ X /
A / A / \ / \ /
\ / A / A ! A\ /
NS NS N/ N/
e X1, x2: Input features
e hll, h12: Nodes in the first hidden layer
e h21, h22: Nodes in the second hidden layer:
e 01, 02: Output nodes

How it Works (Simplified):

Input: The input layer receives date’

Weighted Sum: Each node incaghidden’ layer calculates a weighted sum of the inputs from the previous layer.
These weights are crucial; they,are what the network learns during training.

Activation Function; Theiweighted sum is then passed through an activation function. This function introduces
non-linearity,.1 which'is essential for the MLP to learn complex patterns. Common activation functions include
sigmoid, RelL\, and tanh

ForwardPass:™>This process (weighted sum and activation function) is repeated for each layer until the output
layerisireached. This is called the forward pass.

Qutput: The output layer produces the final prediction.

Back propagation: The network compares its prediction to the actual target value. The difference (error) is used
to adjust the weights in the network. This process of adjusting weights based on the error is called
backpropagation.

Training: The forward pass and backpropagation steps are repeated many times (epochs) until the network's

performance improves and the error is minimized.

Example: Handwritten Digit Recognition

Let's say you want to build an MLP to recognize handwritten digits (0-9).
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1. Input: Each image is preprocessed and converted into a set of numerical features (e.g., pixel intensities). These
features become the input to the MLP.
2. Hidden Layers: The hidden layers learn complex patterns in the pixel data that correspond to different digits. For
example, one node might learn to detect curved lines, another might learn to detect closed loops.
3. Output: The output layer has 10 nodes, one for each digit. The node with the highest activation represents the
network's prediction.
Key Concepts:

o Weights: The weights between nodes determine the strength of the connections. They are learned during tfaining.
e Activation Function: Introduces non-linearity, enabling the MLP to learn complex patterns.
e Back propagation: The algorithm used to adjust the weights based on the error.

Advantages of MLPs:

e Universal Approximators: MLPs can learn very complex functions.
o Flexible: Can be used for various tasks, including classification and regression.

Disadvantages of MLPs:

e Black Box: MLPs can be difficult to interpret.
e Overfitting: Prone to overfitting, especially with limited data.
¢ Computational Cost: Training MLPs can be computationally expensive;

Q63: Explain about Back propagation with a diagram and example

Back propagation is a supervised learning algorithm used t@ytrain‘neural networks. It calculates the gradient of the
loss function (the error) with respect to each weight in the network. This gradient is then used to update the weights,
minimizing the error and improving the network's performance\lt's like a student getting feedback on their answers and
adjusting their approach for the next time.

How it Works (Simplified):

1. Forward Pass: Input data is fed into the.network, and the signals propagate through the layers until they reach the
output layer, producing a predictign,

2. Calculate Error: The difference‘between the network's prediction and the actual target value is calculated. This
difference is the error.

3. Backward Pass: The errar isipropagated back through the network, layer by layer. During this backward pass, the
contribution of eachWeight to the overall error is calculated. This is where the gradient is computed.

4. Weight Update: he‘weights are adjusted based on the calculated gradients. The goal is to minimize the error.

Weights,that eentributed more to the error are adjusted more significantly.

5. Repeat; Steps 1-4 are repeated many times (epochs) until the network's performance improves and the error is

minimized.
Diagram:
Input Layer Hidden Layer Qutput Layer
| xa x2 | | m h2 | | e 02 | <-- Prediction
\ / \ / \ /
\ / \ / \ /
AY / AY / AY /
AN N/ N/
A A A
| | |
| | |
Error Calculation Error Propagation Welght Updates
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Example:
Let's imagine a very simple neural network with one input, one hidden layer with two nodes, and one output.

1. Input:x=2

2.  Weights: Let's say the initial weights are wl = 0.5, w2 = 0.3, w3 = 0.2, w4 = 0.7.

3. Forward Pass:

o hl=sigmoid(x * wl) = sigmoid(2 * 0.5) = sigmoid(1) ~ 0.73
o h2=sigmoid(x * w2) = sigmoid(2 * 0.3) = sigmoid(0.6) = 0.65
o ol =sigmoid(hl * w3 + h2 * w4) = sigmoid(0.73 * 0.2 + 0.65 * 0.7) = 0.68

4. Target: Let's say the target output isy = 1.

5. Error:error=y-01=1-0.68=0.32

6. Backward Pass: The error is propagated back through the network. The gradients are caleulated (this involves
some calculus, which I'll simplify here). The gradients tell us how much each weight contributed tothe error.

7. Weight Updates: The weights are updated to reduce the error. For example, wd, might\be updated as wl_new =
wl - learning_rate * gradient_of error_with_respect_to_w1. The learning_rate contrels how quickly the weights
are adjusted.

8. Repeat: This process is repeated many times with different input datacUntilthe network's predictions are close to
the target values.

Key Concepts:

e Gradient: The gradient of the loss function tells us thexdirection of the steepest ascent. We want to go in the
opposite direction (steepest descent) to minimize theyerror.

e Learning Rate: A parameter that controls the size,of the weight updates. A small learning rate means slow but
steady progress. A large learning rate can lead,to,0vershooting the minimum.

e Activation Function: Introduces non=linearity, enabling the network to learn complex patterns. The sigmoid
function is used in this simplifiediexamplée:

Why is Back propagation important?
Back propagation is essefitialifor training neural networks because it provides a way to automatically adjust the
weights to minimize the error. Withoeut'back propagation, we would have to manually tweak the weights, which would be

incredibly difficult for complexdetworks.

Q64: explain loss fupetions with an example

A loss.function (also called a cost function or objective function) is a measure of how well your machine learning
model is performing. It quantifies the “error" or "dissatisfaction" of the model's predictions. The goal of training a model is
to minimize this loss function. Think of it as a guide telling your model how far it is from the correct answer and in which
direetion it should adjust to get closer.

Why,are Loss Functions Important?
e Guidance for Learning: Loss functions provide a way for the model to learn. By minimizing the loss, the model
adjusts its parameters to make better predictions.
e Performance Evaluation: The value of the loss function indicates how well the model is doing. A lower loss
generally means a better model.
e Model Selection: When comparing different models, you can use the loss function to choose the best one.

Types of Loss Functions:
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Loss functions are broadly categorized based on the type of machine learning task:
1. Regression Loss Functions (for predicting continuous values):
e Mean Squared Error (MSE): The average of the squared differences between the predicted and actual values.
Sensitive to outliers.
o Formula:
MSE = (1/n) *Z(y i -y i)"2
where
y_i are the actual values,
§_i are the predicted values, and
n is the number of data points.
e Mean Absolute Error (MAE): The average of the absolute differences between the predi¢ted and,actual values.
Less sensitive to outliers than MSE.
o Formula:
MAE = (1/n) *Ely i -y il
where:
e n=number of data points
e y i=actual value of the target variable forthe4d-th,data point
e ¥ i=predicted value of the target variable for the i-th data point
e Huber Loss: A combination of MSE and MAE. It's less\sensitive to outliers than MSE but still differentiable.
2. Classification Loss Functions (for predicting categories);
e Binary Cross-Entropy: Used for binary classifieation problems (two classes). Measures the difference between the
predicted probability distribution and the-actual'distribution.
e Categorical Cross-Entropy: Used, for multi-class classification problems (more than two classes). An extension of
binary cross-entropy.
e Sparse Categorical Cross-Entropy: Similar to categorical cross-entropy but more memory-efficient when the
target labels are integers.
Diagram:

Loss Function Landscape

F % High Loss (Bad Predictions)

Minimum Loss (Good Predictions)

Model Parameters (Weights)

Dr. KV Subba Reddy School of Business Management Page 77



Data Science with Python

This diagram represents the "loss landscape.” The x-axis represents the model's parameters (weights), and the y-
axis represents the loss value. The goal is to find the "valley" (minimum loss) in this landscape by adjusting the model's
parameters.

Example: Linear Regression
Let's say you're building a linear regression model to predict house prices based on size.
e Input: House size (x)
e  Output: Predicted house price ()
e Actual Value: Actual house price (y)
You could use MSE as your loss function. For each house in your dataset, you calculate the squared differénce
between the predicted price and the actual price. Then, you average these squared differences to get the MSE.
The goal of the linear regression algorithm is to find the line that minimizes the MSE. This line represents the best fit
to the data.
Example: Image Classification
Let's say you're building a model to classify images of cats and dogs.
e Input: Image
e  Output: Predicted class (cat or dog)
You could use binary cross-entropy as your loss function. The model outputs‘@probability (between 0 and 1) for each
class. The cross-entropy loss measures how different this probability‘distribution is from the actual label (0 or 1).
Key Considerations:
e Choice of Loss Function: The choice of loss “function depends on the type of problem (regression or
classification) and the specific characteristics of the'data.
o Differentiability: Many optimization algarithms require the loss function to be differentiable (so you can
calculate the gradient).
e Convexity: ldeally, the loss functionsshould be convex (have a single minimum), making it easier to find the
optimal solution.
Loss functions are a fundamental part of machine learning. They provide a way to quantify the error of a model's

predictions and guide the learning process. Choosing the right loss function is crucial for achieving good performance.

Q65: Explain about Epaochs and Batch sizes

Epochs and Bateh-Sizesjin-Machine Learning
When'training)a machine learning model, especially in deep learning, two important hyperparameters that affect
performarice and'efficiency are epochs and batch size.
1. Epochs
Anyepoch refers to one complete pass through the entire training dataset. When training a neural network, the model
updates its parameters (weights and biases) using the entire dataset in an iterative process.
e Example: If you have 10,000 training samples and train for 5 epochs, the model will see each sample 5 times in
total.
e More epochs generally improve learning, but too many can lead to over fitting (where the model memorizes the
training data instead of generalizing well).
2. Batch Size
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Instead of processing the entire dataset at once, it is often divided into mini-batches for computational efficiency.
The batch size defines how many samples are processed before the model updates its parameters.
Types of Batch Processing:
1. Batch Gradient Descent (Batch Size = Full Dataset)
o The entire dataset is processed before updating weights.
o  Can be slow and requires large memory.
2. Stochastic Gradient Descent (SGD) (Batch Size = 1)
o Weights are updated after each sample.
o Faster updates but can be noisy.
3. Mini-Batch Gradient Descent (Batch Size = Small Subset)
o A compromise between the two: a small batch (e.g., 32, 64, or 128 samples) is used-pefore updating.
o Efficient and commonly used in deep learning.
Relationship between Epochs and Batch Size
e  Epochs control how many times the entire dataset is used for training.
e Batch size determines how many samples are processed before an update happens:
o A model with a large batch size might converge faster but require moretmemory.
e A small batch size leads to more updates per epoch and can improvetgeneralization.
Example Calculation
Suppose you have:
o Dataset size: 10,000 samples
e Batch size: 100
e Epochs: 10
For each epoch, the number of iterations (steps perepoeh) is:

Total Samples 10, 000
Batch Size 100

So, in 10 epochs, the model wil“perform:
100%10=1,000 weight updatesQ0 \times 10 = 1,000 \text{ weight updates}100x10=1,000 weight updates
Choosing the Right Values

e Epochs; Stat with-10-50 epochs and adjust based on performance.

e Batch Size:'Common values are 32, 64, or 128, depending on memory availability.

e _Early Stopping: Monitor performance to stop training when improvements plateau.

Q66: Givedetail explanation about Hyper parameter tuning with an example and diagram

In machine learning, hyper parameters are parameters that are set before the training process begins. They control
the averall behavior of the model and the learning algorithm. Think of them as the "settings" of your model.

Examples of Hyper parameters:

Learning rate: Controls how quickly the model learns.

Number of hidden layers in a neural network: Determines the depth of the network.

Regularization strength: Helps prevent over fitting.
e Batch size: The number of training examples processed at a time.

Why Tune Hyper parameters?
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The performance of a machine learning model is highly dependent on the choice of hyper parameters. Finding the
optimal set of hyper parameters can significantly improve the model's accuracy, efficiency, and generalization ability.
Hyper parameter Tuning Techniques
Here are some common techniques for hyper parameter tuning:

1. Manual Search: This involves manually trying out different combinations of hyper parameters and evaluating the
model's performance. It's time-consuming and not very efficient, especially for models with many hyper
parameters.

2. Grid Search: This method defines a grid of possible values for each hyper parameter and then tries ‘outsall
possible combinations. It's more systematic than manual search but can still be computationally expensive’if the
grid is large.

3. Random Search: Similar to grid search, but instead of trying all combinations, it randomly.Samples hyper
parameter values from a defined range. It's often more efficient than grid search, espeeially’ wheén some hyper
parameters are more important than others.

4. Bayesian Optimization: This technique uses a probabilistic model to guide the “search for optimal hyper
parameters. It intelligently explores the hyper parameter space, focusing Ongpromising regions and adapting its
search based on previous evaluations.

Example: Tuning a Neural Network

Let's say you're training a neural network for image classificatioh, Some, important hyper parameters to tune might be:

e Number of hidden layers: How many layers the network has.

e Number of neurons per layer: How wide each layeris.

e Learning rate: How quickly the network adapts duringitraining.

You could use grid search to try out different combinations‘of these hyper parameters. For example:

e Number of hidden layers: [2, 3, 4]

e Number of neurons per layer: 1644428, 256]

e Learning rate: [0.001, 0.01, 0]

This would result in 3 x 3 x& =2%different combinations to try. For each combination, you would train the neural

network and evaluate its performance,(€.g., accuracy) on a validation set. The combination that gives the best performance
would be your chosen set of Ryperparameters.

Diagram:

"
+

Hyperparameter Tuning Process |

1, Define Hyperparameter Search Space |
(e.g., number of layers, learning rate)

I

2. Choose Tuning Technique |
(e.g., Grid Search, Random Search, |
Bayesian Optimization) |

3. Train and Evaluate Model for Each Combination |
of Hyperparameters |

4, Select Best Performing Hyperparameters |

e e — ok e———— o —— e m—

X
+
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Key Considerations:
e Computational Resources: Hyper parameter tuning can be computationally expensive, especially for complex
models and large datasets.
e Validation Set: It's crucial to use a separate validation set (not the training or test set) to evaluate the performance
of different hyper parameter combinations. This helps prevent over fitting to the test set.
e Metrics: Choose appropriate evaluation metrics (e.g., accuracy, F1-score, AUC) based on the problem you're
trying to solve.
Tools for Hyper parameter Tuning
Many machine learning libraries and frameworks provide tools for hyper parameter tuning, such as:
e Scikit-learn: GridSearchCV, RandomizedSearchCV
e Keras Tuner: Provides various tuning algorithms for Keras models.

e Optuna: A popular optimization library for hyperparameter tuning.

Q 6: Write applications to classification

Classification is a supervised learning technique where the goal is to assign dataspoints to predefined categories or
classes. It's a fundamental and widely used technique with applications across many,domains.
Core ldea:

Given a set of labeled data (where the correct class is known)pa elassification algorithm learns to identify patterns
and relationships between the features of the data and their corresgending classes. Once trained, the model can then predict
the class of new, unseen data.

Key Applications:
1. Image Classification:
o What it does: Categorizes images into,predefined classes (e.g., cats vs. dogs, handwritten digits, types of
objects).
o Examples:
=  Object recoghitien*in photos (identifying specific objects like cars, people, or buildings).
»  Medicallimage analysis (detecting tumors or other abnormalities in X-rays or MRIs).
= Selfsdriving cars (classifying road signs, pedestrians, and other vehicles).
2. Spam Detectign.
o Whatit'does: Classifies emails or messages as spam or not spam.
S Examples:
= Email providers use spam filters to automatically move spam messages to a separate folder.
= Social media platforms may use spam detection to identify and remove fake accounts or
malicious posts.
3) Sentiment Analysis:
o What it does: Determines the emotional tone or sentiment expressed in text (e.g., positive, negative,
neutral).
o Examples:
= Analyzing customer reviews to understand product satisfaction.
= Monitoring social media to track public opinion about a brand or product.

= Understanding the sentiment of news articles or blog posts.
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4. Medical Diagnosis:
o What it does: Predicts the likelihood of a disease or condition based on patient symptoms and medical
history.
o Examples:
= Diagnosing cancer based on biopsy results or imaging scans.
= Predicting the risk of heart disease based on patient data.
= Identifying patients at risk for specific genetic disorders.
5. Financial Fraud Detection:
o What it does: Detects fraudulent transactions or activities in financial data.
o Examples:
= |dentifying suspicious credit card transactions.
=  Detecting money laundering or other financial crimes.
= Assessing the creditworthiness of loan applicants.
6. Natural Language Processing (NLP) Tasks:
o What it does: Used in various NLP tasks, such as text classificationgpart-of-speech tagging, and named
entity recognition.
o Examples:
» Classifying news articles into different categories,(€.g., politics, sports, technology).
= |dentifying the topic of a document.
= Recognizing named entities (e.g:;people;iorganizations, locations) in text.
7. Customer Churn Prediction:
o What it does: Predicts which customiers‘are likely to cancel their service or subscription.
o Examples:
=  Telecommunications companies use churn prediction to identify at-risk customers and offer
them incentives'to stay.,
= Subscription*based businesses use churn prediction to reduce customer turnover.
8. Recommender Systems:
o What 4t degs:sRecommends items to users based on their past behavior and preferences. While often
framed.asia‘ranking problem, classification can be used as a component.
o \Examples:
* E-commerce websites recommend products to customers.
= Streaming services recommend movies or TV shows.
Typesqaf Classification Algorithms:
Many:different algorithms can be used for classification, including:
s Logistic Regression: A linear model used for binary classification.
e Support Vector Machines (SVMs): Finds the optimal hyperplane to separate classes.
e Decision Trees: Creates a tree-like structure to classify data.
e Random Forests: An ensemble method that combines multiple decision trees.
o Naive Bayes: A probabilistic classifier based on Bayes' theorem.

o K-Nearest Neighbors (KNN): Classifies data based on the classes of its nearest neighbors.
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o Neural Networks: Powerful models that can learn complex patterns in data.
Choosing the right algorithm depends on factors such as:
e The size and complexity of the data.
e The interpretability of the model.
e  The computational resources available.
Classification is a powerful tool with a wide range of applications. It enables us to make predictions and decisions based on

data, automating tasks and providing valuable insights in various fields.

Q67: Write applications to regression

Regression is a powerful machine learning technique used for predicting continuous values. It findsfelationships
between input features and a target variable, allowing us to estimate or forecast that target variable's valug for néw, unseen
data. Here are some key applications of regression:

1. Predicting House Prices:
e What it does: Estimates the price of a house based on its features (size, location, number.of bedrooms, etc.).
o Example: Real estate websites use regression models to provide estimated home values to potential buyers and
sellers.
2. Forecasting Sales:
e What it does: Predicts future sales based on historical data, market trends, and other factors.
o Example: Businesses use regression to forecast demand for their products, allowing them to optimize inventory
and production.
3. Stock Price Prediction (with caveats):
e What it does: Attempts to predict future stockprices based on past performance, market indicators, and news
sentiment. (Note: Stock price predictionsis fiotoriously difficult and no model can guarantee accuracy.)
e Example: Financial analysts might use regression models to identify potentially undervalued or overvalued stocks.
However, this should be used-€autiously.and in conjunction with other analysis methods.
4. Weather Forecasting:
e What it does: Predicts weather conditions (temperature, rainfall, wind speed, etc.) based on historical weather
patterns, atmosphericidata, and other factors.
o Example: Weatherapps use regression models to provide daily or weekly forecasts.
5. Demand Forecasting:
e What it does:-Predicts the demand for products or services based on historical data, seasonality, pricing, and other
relevant factors.
o _ Example: Retailers use demand forecasting to optimize inventory levels and avoid stockouts or excess inventory.
6: Medical Diagnosis and Prognosis:
¢ What it does: Predicts patient outcomes (e.g., length of hospital stay, risk of complications) based on medical
history, test results, and other factors. Can also predict the likelihood of developing certain conditions.
e Example: Doctors might use regression models to estimate a patient's risk of developing diabetes based on their
lifestyle and genetic predispositions.
7. Energy Consumption Prediction:
e What it does: Predicts future energy consumption based on historical data, weather patterns, and other factors.

o Example: Utility companies use regression to forecast energy demand and optimize energy distribution.
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8. Risk Assessment:
e What it does: Assesses the risk associated with certain events or activities (e.g., loan defaults, insurance claims).
e Example: Banks use regression models to assess the creditworthiness of loan applicants.
9. Quality Control:
e What it does: Predicts the quality of manufactured products based on production parameters and other factors.
e Example: Manufacturing companies use regression to identify factors that contribute to defects and optimize their
production processes.
10. Natural Language Processing (NLP) Tasks:
e What it does: Used in some NLP tasks, such as predicting the reading level of a text or estimatingethe similarity
between two sentences.
o Example: Automated essay grading systems might use regression to assess the quality of student:eSsays.
Types of Regression Algorithms:
Many different algorithms can be used for regression, including:
e Linear Regression: Models the relationship between variables using a linear equation.
¢ Polynomial Regression: Models the relationship using a polynomial equation,
e Support Vector Regression (SVR): Uses support vectors to define« margin of tolerance around the regression
line.
o Decision Tree Regression: Creates a tree-like structure t, predict,continuous values.
e Random Forest Regression: An ensemble method that.eembines multiple decision trees.
e Gradient Boosting Regression: Another ensemble, method that builds trees sequentially, with each tree
correcting the errors of the previous ones.

e Neural Network Regression: Uses neural ;ietworks to learn complex relationships between variables.

Q68: Write applications of unsupervised learning

Unsupervised learning is a typ@ofimachine learning where the algorithm learns from unlabeled data, meaning the
data doesn't have predefined categorieswontarget values. The goal is to discover patterns, structures, and relationships
within the data without explicit guidanee. Here are some key applications:

1. Clustering:
e  Groups similardata‘points together into clusters. Data points within a cluster are more similar to each other than
to data pointsin‘ether clusters.
e Examples:
o Customer Segmentation: Grouping customers based on their purchasing behavior, demographics, or
website activity to personalize marketing campaigns.
o Image Segmentation: Dividing an image into different regions or objects.
o Document Clustering: Grouping similar documents together based on their content.
o Anomaly Detection: Identifying unusual data points that don't fit into any cluster (often used for fraud
detection).
2. Dimensionality Reduction:
o Reduces the number of features (variables) in a dataset while preserving important information. This can simplify
data, improve model performance, and make it easier to visualize.

e Examples:
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o Feature Extraction: Creating new, more informative features from existing ones.
o Data Visualization: Reducing high-dimensional data to 2 or 3 dimensions for plotting and exploration.
o Noise Reduction: Removing irrelevant or noisy features from data.
3. Association Rule Mining:
e Discovers relationships between variables in large datasets. Often used to find "frequent itemsets" and
""association rules.”
e Examples:
o Market Basket Analysis: Identifying products that are frequently bought together (e.g., "peopleanhe buy
bread also buy milk™).
o Recommendation Systems: Suggesting items to users based on their past purchases or browsing history.
4. Anomaly Detection (Outlier Detection):
o Identifies data points that are significantly different from the rest of the data.
o Examples:
o Fraud Detection: Detecting fraudulent credit card transactions.
o Network Intrusion Detection: Identifying suspicious activity on a.eomputer network.
o Manufacturing Defect Detection: Finding faulty products on afpradtction line.
5. Topic Modeling:
o Discovers abstract "topics" that occur within a collection of‘decuments.
o Examples:
o News Article Categorization: Identifying theymain‘topics discussed in news articles.
o Content Recommendation: Recommending\articles or blog posts to users based on their interests.
6. Data Visualization:
e Creates visual representations of data @ help-understand patterns and relationships. Dimensionality reduction is
often used as a preprocessing step:
e Examples:
o Scatter Plots:.8hawing,the relationship between two variables.
o Heatmaps: Visualizing the values of a matrix.
o t-SNE PletsiVisualizing high-dimensional data in 2D or 3D space.
7. Preprocessing for Supervised Learning:
e Unsupervisedhlearning techniques can be used to prepare data for supervised learning tasks.
e Examples:
o, Feature Engineering: Using clustering or dimensionality reduction to create new features that improve
the performance of a supervised model.
o Data Cleaning: Using anomaly detection to identify and remove noisy or incorrect data points.
8. Generative Models:
e Learn the underlying probability distribution of the data and can generate new samples that resemble the training
data.
e Examples:
o Image Generation: Creating realistic images of faces, objects, or scenes.

o Text Generation: Generating text that is coherent and grammatically correct.
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Key Unsupervised Learning Algorithms:

K-Means Clustering: Partitions data into k clusters.

Hierarchical Clustering: Builds a hierarchy of clusters.

DBSCAN: Density-based clustering algorithm.

Principal Component Analysis (PCA): Dimensionality reduction technique.

t-SNE: Dimensionality reduction for visualization.

Association Rule Mining (Apriori, FP-Growth): Algorithms for finding frequent itemsets.
Autoencoders: Neural networks for dimensionality reduction and feature extraction.

Generative Adversarial Networks (GANs): Used for generating realistic data.

Unsupervised learning is a powerful tool for discovering hidden patterns and structures in data. 1 It'ssused in a wide

range of applications, from customer segmentation to anomaly detection to image generation

Q69: Discuss about Recurrent Neural Networks (RNN)

They're a powerful type of neural network specifically designed for sequential data;amaking them well-suited for

tasks like natural language processing, speech recognition, and time series analysis.

The Core Idea: Memory

The key difference between RNNs and traditional feedforward neural networks is that RNNs have a "memory" or

internal state. This memory allows them to process sequences of dataywhile,taking into account the context of previous

elements in the sequence. Think of it like reading a sentence: you.understand each word in the context of the words that

came before it. RNNs try to mimic this.
How RNNs Work (Simplified):

1. Input Sequence: An RNN takes a sequeniceoftinputs, one element at a time. For example, in natural language
processing, this could be a sequence of words ina sentence.

2. Hidden State: The RNN maintains_ a "hidden state," which is a vector of numbers that represents the network's
memory of the sequence processed se, far.

3. Recurrent Connection; I hehidden state is updated at each step of the sequence. The update depends on both the
current input and the previous hidden state. This is the "recurrent" connection—the network feeds information
back to itself.

4. Output: At eachvtime step, the RNN can produce an output based on the current input and the current hidden
state.

Diagram:
x(t) h(t)
| A
v |
T —— |
| RN ||
| ceut | |
T —— |
| |
v |
y(t) |

X(t): Input at time step t
h(t): Hidden state at time step t
y(t): Output at time step t

The arrow looping back from h(t) to the RNN cell illustrates the recurrent connection.
Types of RNNs:
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e Simple RNNs: The most basic type, but they suffer from vanishing gradients (explained below).
e Long Short-Term Memory (LSTM) networks: A more sophisticated type of RNN that addresses the vanishing
gradient problem, allowing them to capture long-range dependencies in sequences.
e Gated Recurrent Unit (GRU) networks: A simplified version of LSTMs that also addresses the vanishing
gradient problem.
Vanishing Gradients:

A major challenge with training RNNSs (especially simple RNNSs) is the "vanishing gradient” problem. During
training, the gradients (used to update the network's weights) can become very small as they are back propagated through
time. This makes it difficult for the network to learn long-range dependencies in sequences. LSTMs and GRUsWere
designed to mitigate this issue.

Applications of RNNs:
e Natural Language Processing (NLP):
o Machine translation
o Text generation
o  Sentiment analysis

o Part-of-speech tagging

Speech Recognition: Converting spoken words into text.

Time Series Analysis:
o Stock price prediction (with caveats)

o Weather forecasting

Video Analysis: Understanding and classifying yidee content.

Music Generation: Creating new music.
Advantages of RNNs:
e Handle sequential data well.
e Can learn long-range dependengies (with’'LSTMs/GRUSs).
Disadvantages of RNNs:
e Can be difficult to train duejto vanishing gradients (especially simple RNNSs).
e Can be computationally*expensive.

e Can be challehging-to interpret.

Q70: Give detail explanation about Convolutional Neural Networks (CNN)

Convolutional Neural Networks (CNNs), a specialized type of neural network particularly effective for processing
data with aigrid-like topology, such as images and videos.
Coreyldea: Convolution and Feature Extraction

CNNs leverage the concept of convolutions to automatically learn spatial hierarchies of features from the input
data. Think of it like applying a filter (or kernel) to an image to detect edges, corners, or other patterns. CNNs learn these
filters during training.
Key Components of a CNN:

1. Convolutional Layers:
o The heart of a CNN. A convolutional layer consists of a set of learnable filters (kernels). These filters are

small matrices of weights. The filter slides across the input image (or feature map), performing element-
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wise multiplication with the input and summing the results. This process creates a feature map that
highlights where the filter's pattern is found in the input.

o Key parameters:

= Filter size (kernel size): The dimensions of the filter (e.g., 3x3, 5x5).
=  Stride: How many pixels the filter shifts in each step.
= Padding: Adding extra pixels around the border of the input to control the output size and
handle edge cases.
= Number of filters: How many different patterns the layer learns (each filter produces asSeparate
feature map).
2. Pooling Layers:

o Down sample the feature maps, reducing their spatial dimensions and the numbeg,6fparameters. This
makes the network more computationally efficient and less prone to over fitting, Peolingalso makes the
model more robust to small variations in the input.

o Common types:

=  Max pooling: Takes the maximum value in a pooling windew.
= Average pooling: Takes the average value in a poaling window.
3. Activation Functions:

o Introduce non-linearity into the network, which is<€rucial’forlearning complex patterns.

o Common choices: ReLU (Rectified Linear Unit), sigmoid, tanh. ReLU is often preferred due to its
efficiency.

4. Fully Connected Layers:

o At the end of the CNN, one or mor€“fully connected layers are typically used. These layers flatten the
feature maps into a vector andsthen)apply standard fully connected neural network operations. They
perform high-level reasening and-combine the features learned by the convolutional layers.

How a CNN Works (Simplified):
1. Input Image: The inputdmage’isifed into the first convolutional layer.
2. Convolution: The convolutional layers apply filters to the input, creating feature maps. Early layers learn simple

features (edges;4corners), while deeper layers learn more complex features (combinations of edges, textures,

object parts).
3. Poolingt.Poaclingrayers downsample the feature maps.
4. ActivationActivation functions introduce non-linearity.
5. 4 Flattening: The multi-dimensional feature maps are flattened into a vector.
6., Fully Connected Layers: Fully connected layers perform high-level reasoning and make the final predictions
(e.g., classifying the image).
Diagram:
Input Image --> Conv Layer 1 --> Pooling 1 --> Conv Layer 2 --> Pooling 2 -->... ==> Fl
Key Advantages of CNNs:

e Automatic Feature Extraction: CNNs learn the best features for the task directly from the data, eliminating the

need for manual feature engineering.
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e Spatial Hierarchy of Features: CNNs learn features at multiple levels of abstraction, from simple edges to
complex object parts.
e Weight Sharing: The same filter is used across the entire input image, reducing the number of parameters and
making the network more efficient.
e Translation Invariance: CNNs are somewhat robust to small shifts in the input image.
Applications of CNNs:
e Image Classification: Classifying images into categories (e.g., cats vs. dogs).
e Object Detection: Detecting and localizing objects within an image.
¢ Image Segmentation: Dividing an image into different regions or objects.
e Natural Language Processing (NLP): While traditionally associated with images, CNNs are-also used in some
NLP tasks.
e Video Analysis: Understanding and classifying video content.
e Medical Image Analysis: Detecting diseases or abnormalities in medical images:
Popular CNN Architectures:
o LeNet-5: One of the earliest successful CNN architectures.
o AlexNet: A breakthrough CNN that demonstrated the power of deep learning for image classification.
e  VGGNet: A deeper network that uses small 3x3 filters.
e GooglLeNet/Inception: Introduces the inception module for more efficient feature extraction.
e ResNet: Uses residual connections to enable training of ¥eryadeep networks.

o EfficientNet: Focuses on creating efficient and lightweight CNNs.

Q71: Give detail explanation about Long Short-Term Memory (LSTM) networks

Long Short-Term Memory networks (LSTMSs);"a special kind of Recurrent Neural Network (RNN) that excels at
handling long-range dependencies in sequential data. They're a crucial tool in many areas, especially Natural Language
Processing.

The Problem with Simple RNNsa\Vanishing Gradients

Simple RNNs, while theoretically powerful, struggle with long sequences. During training, gradients are
backpropagated through 4ime ®As.the sequence gets longer, these gradients can become extremely small, a phenomenon
called the "vanishing gradient” problem. This makes it difficult for the network to learn relationships between elements
that are far apart(in_the,sequence. Think of it like trying to remember the beginning of a long paragraph by the time you
reach the ends-the early information gets lost.

LSTMsi The Solution

LSTEMs were designed specifically to address the vanishing gradient problem. They introduce a special "memory
€ell"that.can store information for long periods of time, allowing the network to learn long-range dependencies.
Key,€omponents of an LSTM Cell:

An LSTM cell is more complex than a simple RNN cell. It has several interacting components, often called “gates,"
that control the flow of information into and out of the memory cell. Here's a breakdown:
1. Cell State (c_t): This is the "memory" of the LSTM. It stores information over long periods.
2. Hidden State (h_t): This is the output of the LSTM cell at a given time step. It's influenced by both the current
input and the cell state.

3. Input Gate: Controls how much of the new input is allowed to enter the cell state.
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4. Forget Gate: Controls how much of the previous cell state should be forgotten. This helps the LSTM discard
irrelevant information.

5. Output Gate: Controls how much of the cell state is exposed to become part of the hidden state (and thus the
output).

How LSTMs Work (Simplified):

1. Input: The LSTM receives the input x_t at the current time step t.

2. Gates: The input gate, forget gate, and output gate use sigmoid activations (which output values between O,and 1)
to determine how much information to let through.

3. Cell State Update: The cell state is updated based on the input, the forget gate's output, and thesinput’gate's
output. The forget gate decides what to discard from the previous cell state, and the input gate decides what new
information to add.

4. Hidden State Update: The hidden state (and thus the output) is updated based on theteell stateand the output
gate's output.

Diagram (Conceptual):

¥ {t)

|

v
| Forget |====3| Tmput [==-=-3] Cell |-===>| Output |----> h(t)
| Gate | | Gate | | Statey | | "Gate |

e & & & & b s &
¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥

| A
| |
Key Advantages of LSTMs:
e Handle Long-Range Dependencies: LST@Vis‘are’ much better at capturing long-range dependencies than simple

RNNSs due to the memory cell and gating:mechanisms.
e Mitigate Vanishing Gradients: The gating mechanisms help to prevent the vanishing gradient problem.
Applications of LSTMs:
e Natural Language Processing,(NLP):
o Maching trapslation
o Textigengration
o Sentiment-analysis

o\ Part-of-speech tagging

Speech Recognition: Converting spoken words into text.

Time Series Analysis:
o  Stock price prediction (with caveats)

o  Weather forecasting

Music Generation: Creating hew music.

Video Analysis: Understanding and classifying video content.
LSTMs vs. GRUEs:

Gated Recurrent Units (GRUS) are a simplified version of LSTMs. They combine the forget and input gates into a
single "update gate" and have fewer parameters. GRUs are often faster to train and can perform comparably to LSTMs in

many tasks. The choice between LSTMs and GRUs often depends on the specific problem and dataset.
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UNIT-V

Q1: explain about applications to text

Text data plays a crucial role in data science, and Python offers a vast ecosystem of tools and libraries for
processing, analyzing, and extracting insights from text. Here are some key applications of text in data science using
Python:

1. Natural Language Processing (NLP)
NLP is one of the most prominent applications of text in data science, enabling machines to understand, interprethand
generate human language. Python libraries like NLTK, spaCy, and transformers are widely used for:
e Tokenization & Lemmatization — Breaking text into words/sentences and converting words to their‘base form.
e Named Entity Recognition (NER) — Identifying entities like names, locations, and dates in text:
e  Part-of-Speech (POS) Tagging — Identifying nouns, verbs, adjectives, etc.
o Dependency Parsing — Understanding sentence structure.
Example:

import spacy

nlp = spacy.load("en_core_web_sm™)

doc = nlp("Apple is looking at buying U.K. startup for $1 billion™)

for entity in doc.ents:

print(entity.text, entity.label )

2. Text Classification
Text classification helps categorize text data into predefinedilabels. Common applications include:

e  Spam Detection — Classifying emails as spamor net:

e Sentiment Analysis — Analyzing customer, reviews, tweets, or comments for sentiment.

e Topic Modeling — Automaticallyqidentifying topics in large text corpora.

Python libraries like scikit-learn and, TensorFlow help in text classification using techniques like TF-IDF and deep
learning.
Example:

from sklearn.feature, extraction.text import CountVectorizer

corpus = ["Thisus a great product!”, "I hate this movie."]

vectorizer.=.CountVectorizer()

X =lyectorizer.fit_transform(corpus)

print(vectorizer.get_feature_names_out())

3. Sentiment-Analysis
Sentiment analysis determines whether text expresses positive, negative, or neutral sentiment. It is widely used in:
s Customer feedback analysis
e Social media monitoring
e Brand reputation management
Popular libraries include TextBlob, VADER, and transformers.
Example:
from textblob import TextBlob

text = "I love this product! It's amazing."
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blob = TextBlob(text)
print(blob.sentiment)
4. Information Retrieval & Search Engines
Text-based search systems help retrieve relevant documents based on user queries. Examples:
e Google Search
e Document search in enterprise systems
e Recommendation engines for content (Netflix, Amazon, etc.)
Libraries like Whoosh and Elasticsearch power search engines.
5. Text Summarization
Text summarization extracts key information from large text documents, reducing reading time. Applications include:
e News article summarization
e Legal document summarization
e  Scientific paper summarization
sumy and transformers provide summarization capabilities.
Example:
from transformers import pipeline
summarizer = pipeline("summarization™)
text = "The quick brown fox jumps over the lazy dog. This isianexample sentence for summarization."”
print(summarizer(text, max_length=15, min_length=5, dosample=False))
6. Chatbots & Conversational Al
Text-based chatbots help automate customer support and gnteractions using NLP and machine learning.
o Virtual assistants like Siri, Alexa, Google AsSistant
e  Customer support automation (e.g., bank chatbots)
o Healthcare Al (symptom checkerspymental health support)
Python frameworks like Rasa, ChatterBot; and transformers help build chatbots.
7. Text Generation (Al Writing)
Al models like GPT-4, BERT,.and LkaMA can generate human-like text for:
e Content creation (blog posts, news articles)
o Code generation (Al-assisted programming)
o Automated'storytelling and creative writing
Using transformers library:
fromytransformers import pipeline
generator = pipeline("text-generation”, model="gpt2")
print(generator(*Once upon a time", max_length=30))
8. Optical Character Recognition (OCR)
OCR converts scanned images of text into machine-readable text. Applications:
¢ Digitizing books and documents
e License plate recognition
e Extracting text from invoices and receipts
Python libraries: Tesseract OCR, pytesseract, and EasyOCR.

Dr. KV Subba Reddy School of Business Management Page 92



Data Science with Python

Example:
import pytesseract
from PIL import Image
image = Image.open(“text_image.png")
text = pytesseract.image_to_string(image)
print(text)
9. Machine Translation
Automated translation of text between languages is widely used in global applications like Google Translatel Rython
provides:
e transformers for deep learning-based translation.
e googletrans for lightweight translation.
Example:
from deep_translator import GoogleTranslator
translator = GoogleTranslator(source="en", target="fr")
print(translator.translate("Hello, how are you?"))
10. Text Mining & Topic Modeling
Text mining extracts patterns and insights from large text datasets. Applications:
e  Market research
e Academic research
e  Crime analysis (detecting fraud or threats from documents)
Libraries like Gensim help with Latent Dirichlet Allgeation (LDA) for topic modeling.
Example:
from gensim import corpora, models

documents = [["data", "science";®maehine", "learning"], ["artificial", "intelligence", "deep", "learning"]]
dictionary = corpora.Dictionary(documents)

corpus = [dictionary.doe2bow(doc) for doc in documents]

Ida_model = models.LdaMaodel(corpus, num_topics=2, id2word=dictionary)

print(lda_model.print.tepics())

Q2: explain about applications to images

Imagés play\a significant role in data science, with applications spanning across healthcare, security,
entertainment, ‘and more. Python, with its powerful libraries, enables processing, analyzing, and deriving insights from
image data: Below are some key applications of image processing in data science using Python.
l<lmage Classification
Image)classification assigns labels to images based on their content. It is widely used in:

e Medical imaging (e.g., detecting pneumonia in X-rays)

e  Autonomous vehicles (identifying road signs, pedestrians)

e Social media (content moderation, facial recognition)
Python libraries like TensorFlow, PyTorch, and scikit-learn help implement deep learning-based image classification.
Example (Using TensorFlow & Keras):

from tensorflow.keras.models import Sequential
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from tensorflow.keras.layers import Conv2D, MaxPooling2D, Flatten, Dense
model = Sequential ([
Conv2D(32, (3,3), activation="relu’, input_shape=(64,64,3)),
MaxPooling2D(pool_size=(2,2)),
Flatten(),
Dense(128, activation='"relu’),
Dense(10, activation="softmax’) # Assuming 10 classes
D
model.compile(optimizer="adam’, loss="categorical_crossentropy', metrics=['accuracy'])
2. Object Detection
Object detection identifies and locates multiple objects in an image. Applications include:
e  Self-driving cars (detecting pedestrians, vehicles, traffic signs)
e Retail analytics (tracking customer movement)
e  Security surveillance (identifying unauthorized intrusions)
Popular models include YOLO (You Only Look Once), Faster R-CNN, and SSD (Single;Shot Detector).
Example (Using OpenCV for Face Detection):
import cv2
# Load Haarcascade classifier
face_cascade = cv2.CascadeClassifier(cv2.data.haarcascades + *haarcascade_frontalface_default.xml’)
# Read image
image = cv2.imread('face.jpg’)
gray = cv2.cvtColor(image, cv2.COLOR_BGR2GRAY)
# Detect faces
faces = face_cascade.detectMultiScale(gray, scaleFactor=1.1, minNeighbors=5)
# Draw rectangles around faces
for (x, y, w, h) in faces;
cv2.rectangle(image, (X)), (x+w, y+h), (255, 0, 0), 2)
cv2.imshow('Detected Faces', image)
cv2.waitKey(0)
cv2.destreyAlMVindows()
3. Image Segmentation
Image segmentation partitions an image into meaningful parts. Applications include:
oW Medical imaging (tumor detection, organ segmentation)
o) "Autonomous vehicles (road, pedestrian, vehicle segmentation)
e Satellite imagery (land use classification)
Deep learning techniques like U-Net and Mask R-CNN are commonly used.
Example (Using OpenCV for Simple Segmentation):
import cv2
import numpy as np

image = cv2.imread("image.jpg", 0)
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_, thresholded = cv2.threshold(image, 128, 255, cv2.THRESH_BINARY)
cv2.imshow(""Segmented Image", thresholded)
cv2.waitKey(0)
cv2.destroyAllWindows()
4. Optical Character Recognition (OCR)
OCR converts scanned documents and images of text into machine-readable text. Applications:
o Digitizing books, invoices, and receipts
e License plate recognition
e Automated data entry
Example (Using Tesseract OCR):
import pytesseract
from PIL import Image
image = Image.open(“text_image.png")
text = pytesseract.image_to_string(image)
print(text)
5. Image Enhancement & Restoration
Image enhancement improves image quality by reducing noise, increasing gontrast, or correcting distortions. Applications:
o Satellite imaging (enhancing weather satellite images)
o Medical imaging (clarifying MRI and CT scans)
e  Forensics (restoring blurry or old photos)
Example (Using OpenCV for Histogram Equalization):
import cv2
image = cv2.imread("image.jpg", 0)
equalized = cv2.equalizeHist(image)
cv2.imshow("Enhanced Image’s,‘equalized)
cv2.waitKey(0)
cv2.destroyAllWindows()
6. Face Recognition
Face recognition identifies,individuals in images. Applications include:
e  Security Systems (biometric authentication)
e Socialimedia (automatic tagging)
¢ " “Retail & banking (fraud prevention, personalized recommendations)
Python libraries like dlib and face_recognition make face recognition easy.
Example (Using Face Recognition Library):
import face_recognition
image = face_recognition.load_image_file("person.jpg")
face_locations = face_recognition.face_locations(image)
print(face_locations)
7. Image Style Transfer

Style transfer applies the artistic style of one image onto another. Applications:
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e Digital art creation
e  Photo filters for social media
e Augmented reality (AR) applications
Example (Using TensorFlow Hub):
import tensorflow_hub as hub
import tensorflow as tf
hub_module = hub.load('https://tfhub.dev/google/magenta/arbitrary-image-stylization-v1-256/2")
content_image = tf.image.decode_image(open(*“content.jpg", "rb").read())
style_image = tf.image.decode_image(open(“style.jpg", "rb™).read())
stylized image = hub_module(tf.image.convert_image_dtype(content_image, tf.float32)[tf.newaxis, %],
tf.image.convert_image_dtype(style_image, tf.float32)[tf.newaxis, ...])[0]
8. Image Captioning
Image captioning generates descriptive text for images. Applications:
o Accessibility for visually impaired users
e Automated image tagging for social media
e Content-based image retrieval
Deep learning models like CNN + LSTM and transformers (Vision-Languagé™odels) are commonly used.
9. Generative Adversarial Networks (GANS)
GANSs generate new images that resemble real images. Applications:
o Deepfake generation
e  Al-assisted art creation
o Data augmentation for training Al models
Example (Using TensorFlow GANS):
import tensorflow as tf
from tensorflow.keras.layers importiDense, LeakyRelLU
generator = tf.keras.Sequential(f
Dense(128, activation=LeakyReL U(), input_shape=(100,)),
Dense(784 qactivation='sigmoid’)
D
10. Medical Imaging“Analysis
Medical image‘processing assists doctors in diagnosing diseases. Applications:
o “umer detection in MRI/CT scans
o, X-ray and ultrasound analysis
o) Pathology slide analysis

Deep learning models, especially CNNs, are used for medical image classification and segmentation.

Q3: explain about applications to videos

Video data plays a crucial role in data science applications, spanning industries like security, healthcare,
entertainment, and autonomous systems. Python provides powerful libraries for analyzing and processing videos, enabling

real-world applications such as object detection, motion tracking, and behavior analysis.
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1. Object Detection & Tracking: Object detection and tracking in videos allow systems to recognize and follow moving
objects. Applications include:
e Surveillance & Security — Detecting intruders or suspicious activities.
e Autonomous Vehicles — Identifying pedestrians, vehicles, and obstacles.
e Retail Analytics — Tracking customer movements in stores.
Example: Object Detection using OpenCV & YOLO
import cv2
# Load pre-trained YOLO model
net = cv2.dnn.readNet("yolov3.weights", "yolov3.cfg")
layer_names = net.getLayerNames()
output_layers = [layer_names][i - 1] for i in net.getUnconnectedOutLayers()]
cap = cv2.VideoCapture(*video.mp4™)
while cap.isOpened():
ret, frame = cap.read()
if not ret:
break
height, width, _ = frame.shape
blob = cv2.dnn.blobFromIimage(frame, 0.00392, (416, 416), swapRB=True, crop=False)
net.setinput(blob)
detections = net.forward(output_layers)
for detection in detections:
for obj in detection:
scores = obj[5:]
class_id = scores.argmax()
confidence = scores[class,id]
if confidence > 0%5;
print(f*Object detected: {class_id} with confidence {confidence}")
cv2.imshow("Rramet, frame)
if cv2.waitkey(1) & OxFF == ord('q"):
break
cap.release()
cv2.destroyAllWindows()
2. Facial Reeognition & Emotion Analysis
Facialirecognition is widely used in:
e Security & Authentication — Unlocking devices, attendance systems.
e Social Media — Automatic tagging of users in images/videos.
e Emotion Analysis — Recognizing emotions from video footage.
Example: Face Detection using OpenCV
import cv2

face_cascade = cv2.CascadeClassifier(cv2.data.haarcascades + 'haarcascade_frontalface default.xml’)
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cap = cv2.VideoCapture(0) # Open webcam
while True:
ret, frame = cap.read()
gray = cv2.cvtColor(frame, cv2.COLOR_BGR2GRAY)
faces = face_cascade.detectMultiScale(gray, 1.1, 4)
for (x, y, w, h) in faces:
cv2.rectangle(frame, (X, y), (X + w, y + h), (255, 0, 0), 2)
cv2.imshow("Face Detection", frame)
if cv2.waitKey(1) & OxFF == ord('q"):
break
cap.release()
cv2.destroyAllWindows()
3. Video Summarization
Summarizing long videos into shorter versions by extracting key frames helps in:
e  Security Footage Analysis — Summarizing long hours of CCTV footage.
e  Sports Analytics — Extracting key moments from matches.
e Video Editing — Generating highlight reels.
Example: Keyframe Extraction using OpenCV
import cv2
cap = cv2.VideoCapture(*video.mp4")
frame_rate = cap.get(cv2.CAP_PROP_FPS)
frame_count=0
while cap.isOpened():
ret, frame = cap.read()
if not ret:
break
if frame_count % int(frame"rate) == 0: # Extract one frame per second
cv2.imwrite(f*frame’ {frame_count}.jpg", frame)
frame_count+=1
cap.release()
4. Human Aetivity Recognition (HAR)
Recognizing.human actions in videos is useful for:
o, Sports Analytics — Detecting player movements.
o) "Healthcare — Monitoring patients’ physical activities.
e Surveillance — Identifying unusual behavior in crowds.
Deep learning models like LSTMs and CNNs are used for HAR.
5. Traffic Analysis & Vehicle Counting
Analyzing traffic videos helps in:
e Smart Traffic Management — Controlling signals based on vehicle count.

e License Plate Recognition — Identifying vehicles in toll booths.
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e Accident Detection — Identifying collisions in real time.
Example: Vehicle Detection using OpenCV
import cv2
car_cascade = cv2.CascadeClassifier(cv2.data.haarcascades + 'haarcascade_car.xml")
cap = cv2.VideoCapture("traffic.mp4")
while cap.isOpened():
ret, frame = cap.read()
if not ret:
break
gray = cv2.cvtColor(frame, cv2.COLOR_BGR2GRAY)
cars = car_cascade.detectMultiScale(gray, 1.1, 1)
for (x, y, w, h) in cars:
cv2.rectangle(frame, (X, y), (x + w, y + h), (0, 255, 0), 2)
cv2.imshow("Vehicle Detection", frame)
if cv2.waitKey(1) & OXFF == ord('q"):
break
cap.release()
cv2.destroyAllWindows()
6. Augmented Reality (AR) & Virtual Reality (VR)
Augmented reality enhances real-world experiences, while VR creates immersive environments. Applications include:
e  Gaming — AR-powered games like Pokémon Go.
e Retail — Virtual try-ons for clothes, makeup.
e Education — Interactive learning via ARIVR:
Python libraries like OpenCV, ARK:it, andiOpenGL enable AR development.
7. Sign Language Recognition
Sign language recognition systemiSitranslate hand gestures into text or speech, helping in:
e  Communication for the Hearing Impaired
e  Gesture-based Control‘Systems
e Smart AssistantSiwith Hand Gesture Recognition
Deep learning.modelsitrained on video datasets can classify sign language gestures.
8. Deepfake Detection
With therise,of Al-generated deepfake videos, detecting manipulated content is crucial for:
o¢'® Fake News Detection
o) ‘Cybersecurity & Fraud Prevention
e Media Authentication
Python tools like DeepFace and Deepfake Detection APIs can be used.
9. Gesture Recognition for Human-Computer Interaction
Gesture recognition enhances:
e Gaming (Xbox Kinect, VR games)

e  Smart Home Control (Controlling appliances with hand gestures)
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e Automotive Systems (Gesture-based car controls)
10. Video-based Medical Diagnosis
Al-powered video analysis can help in:

e Monitoring Patients in ICUs

e Detecting Parkinson’s & Other Movement Disorders

e  Surgical Procedure Assistance

Q4: What is recommender system explain with example

A Recommender System is an Al-based system that suggests relevant items to users based on their preferences
and behaviors. It is widely used in e-commerce, streaming services, social media, and online learning platforfs te énhance
user experience.

Types of Recommender Systems
1. Content-Based Filtering

e Recommends items similar to what a user has liked before.

o  Uses features of items (e.g., genre, keywords, category) to find similar items,

o Example: Netflix suggests movies based on the genre of movies you've watched:
Example using Python (Content-Based Filtering on Movie Data)

import pandas as pd

from sklearn.feature_extraction.text import TfidfVectorizer

from sklearn.metrics.pairwise import cosine_similarity

# Sample dataset

movies = pd.DataFrame({

title": ['Inception’, 'Interstellar', ‘Grayvity' (The,Martian],
‘genre’; ['Sci-Fi Thriller', 'Sci-Fi Drama’, 'Sci-Fi Adventure', 'Sci-Fi Adventure']
by,

# Convert text data into numericalgepresentation

vectorizer = Tfidf\VVectorizer()

genre_matrix = vectarizer.fit_transform(movies['genre])

# Compute similarity

similarity>= gosine~similarity(genre_matrix)

# Recommend movies similar to "Inception”

rmovie “index = movies[movies['title'] == 'Inception’].index[0]

similar_movies = sorted(list(enumerate(similarity[movie_index])), key=lambda x: x[1], reverse=True)[1:3]

# Display recommendations

recommended_titles = [movies.iloc[i[0]].title for i in similar_movies]

print(f"Movies similar to 'Inception’: {recommended_titles}")
2. Collaborative Filtering

e Recommends items based on user behavior and preferences.
e Uses ratings, clicks, or purchases to find similar users.

e Example: Amazon recommends products by analyzing what similar users bought.
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Types of Collaborative Filtering
1. User-Based Filtering — Finds users similar to the target user and recommends items they liked.
2. Item-Based Filtering — Finds items similar to those liked by the user.
Example using Python (User-Based Collaborative Filtering on Movie Ratings)
from surprise import Dataset, Reader, KNNBasic
from surprise.model_selection import train_test_split
from surprise import accuracy
# Sample dataset
ratings_dict = {
"user:[1,1,1,2,2,2,3,3,3],
"item™: ["A", "B", "C", "A", "B", "D", "A", "C", "D"],
"rating": [5, 3, 4,5, 4, 2,4,5, 3]
}
df = pd.DataFrame(ratings_dict)
# Convert dataframe to Surprise dataset
reader = Reader(rating_scale=(1, 5))
data = Dataset.load_from_df(dff['user’, 'item’, 'rating']], reader)
trainset, testset = train_test_split(data, test_size=0.25)
# Train User-Based Collaborative Filtering Model
model = KNNBasic(sim_options={'user_based": True})
model.fit(trainset)
# Make predictions
predictions = model.test(testset)
accuracy.rmse(predictions)
3. Hybrid Recommender Systems
e  Combines Content-Basedyand, Collaborative Filtering.
e Example: Netflix uses bothymevie features and user behavior to recommend shows.
Real-World ApplicationsyofyRecommender Systems
1. E-commerce (Amazon, Flipkart, eBay) — Product recommendations.
2. StreaminggPlatforms (Netflix, Spotify, YouTube) — Movie & music recommendations.
3. Onfine Learning (Coursera, Udemy) — Course suggestions based on user history.
4. 4 Secial Media (Facebook, Instagram, TikTok) — Friend & content recommendations.

5,@ Healthcare — Personalized treatment plans based on patient history.

Q5: Explain image classification and its types with example.

What is Image Classification?

Image classification is a computer vision task where an algorithm assigns a label (or category) to an image based
on its content. It is widely used in applications such as facial recognition, medical diagnosis, autonomous vehicles, and
object detection.

Types of Image Classification

There are several types of image classification approaches:
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1. Binary Classification
e  The model classifies an image into one of two categories.
e Example: Cat vs. Dog, Spam vs. Non-Spam Emails.
2. Multi-Class Classification
e The model classifies an image into one of many possible categories.
o Example: Classifying handwritten digits (0-9) in the MNIST dataset.
3. Multi-Label Classification
e  The model assigns multiple labels to a single image.
e Example: An image containing both a car and a pedestrian is labeled as [Car, Pedestrian].
4. Fine-Grained Classification
e The model differentiates between very similar categories.
o Example: Classifying different bird species or car brands.
Example: Image Classification using Convolutional Neural Networks (CNNs)
We will use a CNN model to classify images.
Step 1: Import Required Libraries
import tensorflow as tf
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Conv2D, MaxPooling2DyFlatten, Dense
from tensorflow.keras.preprocessing.image import ImageDataGenerator
Step 2: Load and Preprocess the Dataset
We use the ImageDataGenerator to load images @ndiapply data augmentation.
train_datagen = ImageDataGenerator(rescale=1./255, shear_range=0.2, zoom_range=0.2, horizontal_flip=True)
test_datagen = ImageDataGenerator(rescale=27/255)
train_data = train_datagen:flowafrom_directory('dataset/train’,  target size=(64, 64), batch_size=32,
class_mode="binary")
test data =  test«datagen.flow_from_directory('dataset/test’,  target_size=(64, 64), batch_size=32,
class_mode="binary")
Step 3: Build the CNN Madel
model = Sequential([
Conv2D(32,(3,3), activation="relu’, input_shape=(64, 64, 3)), # Convolutional layer
MaxPooling2D(pool_size=(2,2)), # Pooling layer
Conv2D(64, (3,3), activation="relu’), # Second convolutional layer
MaxPooling2D(pool_size=(2,2)), # Second pooling layer
Flatten(), # Flattening the feature maps
Dense(128, activation='"relu’), # Fully connected layer
Dense(1, activation="sigmoid’) # Output layer for binary classification
D
model.compile(optimizer="adam’, loss='binary_crossentropy', metrics=["accuracy'])
Step 4: Train the CNN Model
model.fit(train_data, epochs=10, validation_data=test_data)
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Step 5: Make Predictions

import numpy as np
from tensorflow.keras.preprocessing import image
# Load an image for prediction
img = image.load_img(‘dataset/single_prediction/sample.jpg’, target_size=(64, 64))
img_array = image.img_to_array(img)
img_array = np.expand_dims(img_array, axis=0) # Add batch dimension
# Predict
result = model.predict(img_array)
if result[0][0] == 1:
print("Predicted: Dog")
else:
print("Predicted: Cat™)

Advanced Image Classification Techniques

1.

2
3.
4

Transfer Learning — Uses pre-trained models like VGG16, ResNet, MobilgNet{o improve accuracy.
Data Augmentation — Enhances dataset size with flips, rotations, and zoeming.

Hyperparameter Tuning — Optimizes learning rate, batch size, andgmodel architecture.

Ensemble Learning — Combines multiple models to improve ‘perfermance.

Real-World Applications of Image Classification

>
>
>
>
>

Medical Diagnosis — Detecting diseases from X-rays, MRIS, and CT scans.
Self-Driving Cars — Identifying traffic signs and pedestrians.

Security Systems — Facial recognition for auth@ntication.

Agriculture — Identifying plant diseases from,images.

Retail — Product classification and, automated inventory management.

Q6: Explain about social network graphswithexample

A social network graph is.a,representation of relationships between entities (people, organizations, or objects) using

nodes (vertices) and edges.

Nodes (Vertices) = Represent people, users, or entities.

Edges (Links)®&>Represent relationships (friendships, followers, collaborations).

Applications af SecialNetwork Graphs

SocialiMedia Analysis — Analyzing friendships, followers, and interactions on platforms like Facebook, Twitter,
LinkedIn.

Influencer Identification — Finding key influencers in a network.

Recommendation Systems — Suggesting friends, groups, or content.

Community Detection — Identifying clusters or groups of people with strong interactions.

Fraud Detection — Detecting fake accounts or unusual activity

Types of Social Network Graphs
1. Undirected Graph

If A is connected to B, then B is also connected to A.

Example: Friendship networks (Facebook friends).
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2. Directed Graph
e If Afollows B, it doesn't mean B follows A.
o Example: Twitter followers, LinkedIn connections.
3. Weighted Graph
e Edges have weights representing strength of connections (e.g., number of interactions).
o Example: A network where edge weight represents message frequency between users
Example: Building a Social Network Graph using Python (NetworkX)
Step 1: Install & Import Required Libraries
import networkx as nx
import matplotlib.pyplot as plt
Step 2: Create a Simple Social Network Graph
# Create an empty graph
G = nx.Graph()
# Add nodes (people in the network)
G.add_nodes_from(["Alice", "Bob", "Charlie", "David", "Eve"])
# Add edges (connections between people)
G.add_edges_from([

("Alice", "Bob"),
("Alice", "Charlie™),
("Bob", "David"),
("Charlie", "Eve"),
("David", "Eve")

D
# Draw the graph

plt.figure(figsize=(6,4))
nx.draw(G, with_labels=Trueyxnade_color="skyblue’, node_size=2000, edge_color="gray’, font_size=10)
plt.show()
Step 3: Analyze the Graph
1. Find the Number of,Gennections for Each User
print(’'Degree of €éach node:", dict(G.degree()))
2. Find the Shertest Path Between Two Users
phint("Shortest path from Alice to Eve:", nx.shortest_path(G, "Alice", "Eve"))
Step 4aCreate a Directed Graph (Followers on Twitter)
# Create a directed graph
DG = nx.DiGraph()
# Add directed edges (one-way relationships)
DG.add_edges_from([

("Alice", "Bob"),
("Alice", "Charlie"),
("Bob", "David"),

("Charlie", "Eve"),
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("Eve", "Bob")
D
# Draw the directed graph
plt.figure(figsize=(6,4))
nx.draw(DG, with_labels=True, node_color="lightgreen', node_size=2000, edge_color="black’, arrows=True)
plt.show()
Step 5: Find Influential Users
1. Find the Most Connected Person (Degree Centrality)
degree_centrality = nx.degree_centrality(DG)
print("Degree centrality:", degree_centrality)
2. ldentify the Most Important Person (PageRank Algorithm)
pagerank = nx.pagerank(DG)
print("PageRank scores:", pagerank)
Real-World Applications of Social Network Analysis (SNA)
«+ Facebook, Twitter, LinkedIn — Understanding friendships, recommendations:
+ Epidemiology — Tracking disease spread through social interactionss
« Marketing & Influencer Analysis — Identifying key opinion leaders.

% Crime & Fraud Detection — Identifying fake accounts or critninal networks.
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