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7.0 INTRODUCTION

Predictive Analytics Models represent a crucial stage in the data analytics continuum, where the focus
shifts from understanding past patterns to forecasting future outcomes. This unit introduces the
foundational models and techniques that enable organizations and researchers to anticipate trends,
behaviours, and events based on historical data. By leveraging statistical methods and machine learning
approaches, predictive analytics transforms raw data into forward-looking insights that support
proactive decision-making in domains such as business, healthcare, finance, and technology.

The unit begins with an introduction to regression models, which are used to establish relationships
between dependent and independent variables and predict continuous outcomes such as sales, demand,
or risk. It then explores time series and forecasting models, which analyse data over time to identify
trends, seasonal patterns, and cyclical variations, enabling accurate forecasting of future values. These
models are particularly important in areas like financial forecasting, inventory management, and
economic analysis.

Further, the unit covers supervised learning models, where algorithms are trained on labelled data to
make predictions or classifications, and unsupervised learning models, which identify hidden patterns,
structures, or groupings in unlabelled data. While supervised learning focuses on prediction with known
outcomes, unsupervised learning helps in discovering unknown relationships and insights. Together,
these models provide a comprehensive framework for predictive analytics, equipping learners with the
necessary tools to build intelligent systems and make data-driven predictions in real-world scenarios.

7.1 EXPECTED LEARNING OUTCOMES

After completing this unit, you will be able to:

e Understand the fundamentals of predictive analytics and its role in forecasting future outcomes.

e Explain the concepts and applications of regression models for prediction of continuous
variables.
Analyse time series data and apply forecasting techniques for trend and pattern identification.
Differentiate between and apply supervised and unsupervised learning models.
Develop the ability to use predictive models for data-driven decision-making in real-world
scenarios.



7.2 REGRESSION MODELS - AN INTRODUCTION

Regression analysis is a fundamental statistical technique used to understand and model the relationship
between variables. In simple terms, it helps us study how a dependent variable (the outcome we want
to predict) changes when one or more independent variables (the factors influencing it) change. The
primary objective of regression is not only to identify this relationship but also to use it for predicting
future outcomes based on known data.

Mathematically, regression can be expressed in a general form as:

Y =f(X1,X2,...,Xn) + ¢

where Yrepresents the dependent variable, X;, X5, ..., X represent independent variables, and €is the
error term capturing the variation not explained by the model. This equation shows that the value of
Ydepends on the function of the input variables along with some unavoidable randomness.
To understand this better, consider a simple example where a student’s marks depend on the number of
hours studied. Suppose the relationship is modelled as:

Y =10+ 8X

Here, Yrepresents marks and Xrepresents study hours. If a student studies for 5 hours, then:
Y =10+8(5) =50

This means the predicted marks are 50, illustrating how regression helps in prediction.
A key concept in regression is distinguishing between dependent and independent variables. The
dependent variable is the output we want to predict, such as salary, marks, or sales, while independent
variables are the inputs influencing it, such as experience, study hours, or advertising expenditure. For
instance, consider a salary model:

Salary = 20000 + 5000 x Experience

If a person has 3 years of experience, the predicted salary becomes:
Salary = 20000 + 5000(3) = 35000

This clearly demonstrates how regression quantifies the relationship between variables.
The most commonly used form of regression is the linear regression model, which assumes a straight-
line relationship between variables. It is represented as:

Y =00+ X+e

where [,is the intercept and f;is the slope, indicating how much Y changes for a unit change in X. For
example, if:
Y=2+43X

and X = 4, then:
Y=24+12=14

This shows that for every unit increase in X, Yincreases by 3 units.
However, relationships between variables are not always linear. Regression can also capture non-linear
relationships. For example:

Y=2+X?

If X = 3, then:
Y=24+9=11



This represents a curved relationship. Additionally, relationships can be positive or negative. A positive
relationship means both variables increase together, such as:

Y =4X
while a negative relationship means one increases while the other decreases, such as:
Y =20-2X
If X =5, then:
Y =10

Regression analysis is widely used across various domains. In finance, it helps predict stock prices. For
example:
Price = 100 + 5X

If the market index is 10, then:
Price = 150

In healthcare, regression can estimate disease risk based on factors like age. For example:
Risk = 0.5+ 0.1X

If age is 40:
Risk = 4.5

Similarly, in marketing, it helps forecast sales:
Sales = 1000 + 50 x Ads

If 10 advertisements are run:
Sales = 1500

These examples show how regression transforms raw data into meaningful predictions.
Regression also plays a central role in predictive analytics. It allows organizations to make data-driven
decisions by identifying key factors influencing outcomes and estimating future values. For instance, if
a model is:

Y=3X+2

and X = 6, then:
Y =20

This simple prediction mechanism is the foundation of many real-world applications.
It is important to distinguish regression from other analytical techniques. Regression predicts
continuous numerical values, whereas classification predicts categories (e.g., spam or not spam).
Correlation only measures the strength of association between variables, not prediction, and time series
analysis focuses specifically on time-dependent data. For example, while regression might predict house
prices, classification would categorize houses as “cheap” or “expensive.”
Despite its usefulness, regression analysis comes with several challenges. One major issue is overfitting,
where the model becomes too complex and fits the training data too closely, reducing its ability to
generalize. For example, a model like:

Y=X"+X*+X3

may fit the data perfectly but fail on new data. Another challenge is multicollinearity, where
independent variables are highly correlated, such as height in centimeters and inches, which can make
the model unstable.

Outliers are another concern. Consider the dataset: 10, 12, 11, and 100. The mean becomes:



X =33.25

which is misleading due to the extreme value 100. Missing data also poses a problem, as incomplete
observations reduce the reliability of the model. Additionally, regression models rely on assumptions
such as linearity, independence, and normality, and violations of these assumptions can lead to incorrect
conclusions.

We are having a variety of Regression models /ike Linear Regression, Multiple regression, polynomial
regression Ridge and Lasso regression, also Support Vector regression. In this section we will discuss
these models in brief. However, the details will be available in Unit-8.

The Overview of the regression models with respective examples is as follows:

1. Linear Regression

Linear regression is the most basic and widely used regression technique, which models the relationship
between a dependent variable and a single independent variable using a straight line. It assumes that the
dependent variable changes at a constant rate with respect to the independent variable. This makes it
simple to interpret and very useful for many real-world prediction problems.

The mathematical form of linear regression is given by:
Y = BO + ﬁlx + ¢

where [yrepresents the intercept, 51 represents the slope (rate of change), and erepresents the error term.
The slope indicates how much the dependent variable changes for a one-unit increase in the independent
variable.

For example, consider predicting the price of a house based on its area. Suppose the regression model
is:
Price = 500000 + 1000 x Area

If the area of the house is 100 square feet, then:
Price = 500000 + 1000(100) = 600000

This means that for every additional square foot, the price increases by 1000, clearly demonstrating a
linear relationship.
Important Note:

e Linear Regression is the simplest regression technique and is best suited for situations
where there is a single independent variable and the relationship between the variables is
approximately linear (straight-line). It is highly interpretable & computationally efficient,
making it ideal for basic predictive tasks and initial data analysis. However, it cannot
capture complex or non-linear relationships and is sensitive to issues like outliers and
multicollinearity (though the latter is less relevant with a single variable).

e When to use: Linear regression should be used when the dataset is simple, the relationship
between variables is linear, and interpretability is important. For example, predicting salary
based only on years of experience.

2. Multiple Regression

Multiple regression extends the concept of linear regression by including more than one independent
variable. In real-life situations, outcomes are rarely influenced by a single factor, so multiple regression
helps capture the combined effect of several variables on the dependent variable.



The general equation for multiple regression is:
Y = 180 + ﬁlxl + 52X2+.. . +,8an + ¢

Here, each independent variable contributes separately to the prediction of the dependent variable.

For example, suppose we want to predict salary based on both experience and education level. The
model could be:
Salary = 20000 + 5000 X Experience + 10000 X Education

If a person has 3 years of experience and an education level of 2, then:
Salary = 20000 + 5000(3) + 10000(2) = 55000

This shows how multiple factors combine to influence the outcome, making predictions more realistic.
Important Note:

e Multiple Regression extends linear regression to include multiple independent
variables, allowing it to model more realistic scenarios where several factors influence the
outcome. While it improves prediction accuracy compared to simple linear regression, it
introduces challenges such as multicollinearity, where independent variables are highly
correlated.

e When to use: Multiple regression is appropriate when the dependent variable is influenced
by more than one predictor, and the relationships remain approximately linear. For
instance, predicting house prices based on area, number of rooms, and location.

3. Polynomial Regression
Polynomial regression is used when the relationship between variables is not linear but follows a curved
pattern. Instead of fitting a straight line, it fits a curve by including higher powers of the independent
variable.
The general form of polynomial regression is:

Y =By + BiX + Lo X?+. . 4P X"

This allows the model to capture more complex relationships.

For instance, consider modelling sales growth over time where growth accelerates rather than increasing
at a constant rate. Suppose the model is:
Sales = 100 + 10X + 2X?

If X = 3, then:
Sales =100+ 30 + 18 = 148

This shows that as time increases, sales increase at an increasing rate, indicating a non-linear trend.

Important Note:

o Polynomial Regression is used when the relationship between variables is non-linear but
still follows a structured mathematical curve. It enhances linear models by introducing
higher-degree terms (such as X2, X3), enabling the model to fit curved patterns. However,
it can easily lead to overfitting if the degree of the polynomial is too high.

o When to use: Polynomial regression should be used when data shows a clear curved trend
that cannot be captured by a straight line but still follows a predictable pattern. For example,
modelling population growth or sales trends that accelerate over time.



4. Ridge Regression
Ridge regression is an advanced technique used to address overfitting, which occurs when a model
becomes too complex and performs poorly on new data. Ridge regression introduces a penalty term to
the model that reduces the magnitude of coefficients, making the model simpler and more stable.
The objective function for Ridge regression is:

Minimize: 3(Y; — ¥)? + AX B}

Here, Ais a tuning parameter that controls the strength of the penalty.

For example, consider predicting house prices using multiple features such as area, number of rooms,
and location. A normal regression model might be:
Price = 500000 + 3000X; + 7000X, + 12000X;

After applying Ridge regression, the coefficients are reduced:
Price = 500000 + 2500X; + 6000X, + 10000X;

This reduction helps prevent overfitting and improves model performance on unseen data.

Important Note:

e Ridge Regression is a regularized version of multiple regression that adds an L2 penalty
to reduce the magnitude of coefficients. This helps address issues like overfitting and
multicollinearity by shrinking coefficients without eliminating any features. It improves
model stability when dealing with many correlated predictors.

e When to use: Ridge regression is suitable when the dataset contains many features with
high multicollinearity, and you want to retain all variables while reducing overfitting. It
is commonly used in scenarios like financial modeling or high-dimensional datasets.

5. Lasso Regression
Lasso regression is another regularization technique similar to Ridge regression, but with an important
difference: it can reduce some coefficients to exactly zero. This means it not only prevents overfitting
but also performs feature selection by removing less important variables.
The objective function for Lasso regression is:

Minimize: Y.(Y; — ¥)* + A% | B; |

In a real-world example, suppose we are predicting sales using several factors:
Sales = 1000 + 50X, + 30X, + 10X,

After applying Lasso regression, the model might become:
Sales = 1000 + 50X, + 0X, + 10X;

Here, the coefficient of X,becomes zero, meaning that this feature is no longer relevant. This simplifies
the model and improves interpretability.
Important Note:

e Lasso Regression is another regularization technique that uses an L1 penalty, which not
only shrinks coefficients but can also reduce some of them to exactly zero. This makes it
useful for automatic feature selection, simplifying the model and improving
interpretability.

o When to use: Lasso regression should be used when you have many features and suspect
that some are irrelevant, and you want the model to automatically select the most



important variables. It is particularly useful in domains like marketing analytics or
biomedical data analysis where feature selection is critical.

6. Support Vector Regression (SVR)

Support Vector Regression is a powerful technique used for modeling complex and non-linear
relationships. Unlike traditional regression methods, SVR does not try to minimize the error for all data
points. Instead, it fits a model within a margin of tolerance (called epsilon) and ignores errors that fall
within this margin.

The basic function of SVR is:
fx)=wX+b>b

The optimization objective is:
o1 2
Minimize > Hwll

subject to:
lY—f(X)I<e€

This means the model allows small errors (within €) and focuses on capturing the overall trend.
For example, consider predicting stock prices where there is always some noise in the data. Suppose
the model is:

Y =100+ 5X

If X = 10, then:
Y =150

If the actual value is 152 and the tolerance € = 5, then this error is ignored because it lies within the
acceptable range. This makes SVR robust to noise and suitable for real-world data.

Important Note:

e Support Vector Regression (SVR) is a more advanced method that works well for
complex and non-linear relationships. Instead of minimizing the error for all data points,
SVR tries to fit a function within a specified margin (epsilon), ignoring small errors and
focusing on overall trends. It can handle non-linearity effectively using kernel functions,
but it is computationally more intensive and less interpretable.

o When to use: SVR is best used when the data is complex, non-linear, and possibly noisy,
and traditional regression methods fail to capture the underlying pattern. It is commonly
applied in areas such as stock price prediction, demand forecasting, and other real-world
problems with irregular patterns.

We learned that each regression model serves a different purpose depending on the nature of the data.
Linear regression is useful for simple relationships, multiple regression handles multiple influencing
factors, polynomial regression captures non-linear patterns, Ridge and Lasso help prevent overfitting,
and Support Vector Regression is suitable for complex and noisy datasets. Together, these models form
a comprehensive toolkit for predictive data analysis.

The section concludes with the understanding that the regression analysis is a powerful and widely used
tool for modelling relationships and making predictions. By understanding how variables interact and



applying appropriate mathematical models, regression enables better decision-making across fields
such as finance, healthcare, marketing, and engineering. However, careful attention must be given to
model assumptions and limitations to ensure accurate and reliable results.

= Check Your Progress 1

Q1. What is Regression Analysis? Explain its objective in predictive analytics.

7.3 TIME SERIES & FORECASTING MODELS
— AN INTRODUCTION

Time series analysis is a specialized form of data analysis that focuses on observations collected over
time. Unlike general statistical models that treat observations independently, time series models
recognize that past values influence future values. This makes them particularly useful for forecasting,
where the goal is to predict future outcomes based on historical data.

Mathematically, a time series can be represented as:
Yo=f+&

where Y;is the value at time t, f(t)represents the underlying pattern such as trend or seasonality, and
&:1s the random error component. This equation highlights that every observed value is a combination
of structured patterns and randomness.

A time series is generally composed of four main components, which can be expressed as:
Yt:Tt+St+Ct+Rt

Here, T;represents the long-term trend, S;represents seasonal variations, C;represents cyclical
fluctuations, and R;represents random noise. Understanding these components is essential for building
accurate forecasting models.



For example, consider monthly sales data where the trend component is 100 units, the seasonal effect
adds 20 units, the cyclical component adds 10 units, and random fluctuations reduce the value by 5
units. The observed value becomes:

Y, =100+20+10—-5 =125

This demonstrates how different components combine to produce the final observed value.
Time series models are widely used in finance for forecasting stock prices. A simple predictive model
can be expressed as:

Yepa=Y +4

If the current stock price is 100 and an increase of 5 is expected, then:
Yiy1 = 105

Thus, the predicted price for the next time period is 105. Similarly, in computer science, time series
models are used for system monitoring. For instance, if CPU usage increases by 10% per hour and the
current usage is 50%, then:

CPU;11 =50+ 10 = 60%

This helps system administrators anticipate resource requirements and avoid system failures.
The basic Objectives of Time Series Models are as follows:

1) Description and understanding of data: The first objective of time series analysis is to
understand the structure and behaviour of the data. This involves identifying key components
such as trend, seasonality, and randomness.

The decomposition of a time series can be written as:
V=T, +S:+R;

where each component contributes to the overall observed value. For example, if the trend is
200 units, seasonal variation adds 30 units, and random noise subtracts 10 units, then:
Y; =200+30—10 =220

This helps in understanding how different factors influence the data.

Another important aspect is pattern recognition, which involves identifying trends, cycles, and
anomalies. For instance, if a dataset contains values such as 100, 102, 105, and suddenly jumps
to 150, the value 150 can be identified as an anomaly. Recognizing such unusual patterns is
critical for improving model accuracy and detecting potential issues.

2) Forecasting and Prediction
Forecasting is one of the primary objectives of time series analysis, where past observations are
used to estimate future values. Forecasting can be broadly classified into short-term and long-
term prediction.
Short-term forecasting often uses simple techniques such as moving averages. The formula for

a three-period moving average is:
. Yi+Yi 1 +Ys
1T T g

For example, if the last three observations are 100, 110, and 120, then the predicted next value
is:



_ 100 + 110 + 120
Vo1 = . =110

This provides a simple yet effective estimate of the next value.
Long-term forecasting typically relies on trend models. A common form is the linear trend
equation:

Y, =a+ bt

where ais the intercept and bis the slope representing the rate of change over time. For instance,
ifa =50,b =10,and t = 5, then:
Y5 =50+ 10(5) =100

This shows how future values can be estimated based on long-term trends.

3) Control and Optimization

The final objective of time series analysis is to use predictions for control and optimization.
This means applying forecasting results to improve system performance and decision-making.
In predictive maintenance, time series models help estimate the likelihood of system failure. A
simple model can be expressed as:

Risk = Base + Rate X Time

For example, if the base risk is 10 and the risk increases by 2 units per time period, then after
5-time units:
Risk =10+ 2(5) = 20

This allows maintenance to be scheduled before failure occurs.
In inventory management, forecasting demand is essential to maintain optimal stock levels. A

simple demand model is:
Demand = Average + Seasonal Factor

If the average demand is 100 units and seasonal demand adds 20 units, then:
Demand = 120

This helps businesses maintain adequate inventory without overstocking.
In quality control, time series models monitor deviations from expected performance. The

deviation can be calculated as:
Deviation = Actual — Expected

For example, if the expected output is 100 units and the actual output is 105 units, then:
Deviation = 5

This indicates a variation that may require corrective action.

Now we are going to discuss the following Time Series Models:

ARIMA,
SARIMA,
LSTM,
Bi-LSTM



1. ARIMA (Autoregressive Integrated Moving Average) is one of the most widely used statistical
models for time series forecasting. It combines three key components: autoregression (AR), integration
(), and moving average (MA). The autoregressive part captures the relationship between the current
value and its past values, the integrated part ensures the series becomes stationary through differencing,
and the moving average component models the relationship between the current value and past forecast
errors. This makes ARIMA particularly effective for modeling linear relationships in time-dependent
data.

The general form of the ARIMA model is expressed as:

ARIMA(p,d, q): $(B)(1 — B)?*Y; = 0(B)e;

Here, p represents the number of lag observations, d represents the degree of differencing, and
q represents the size of the moving average window.

In a simplified form, it can be written as:
Vi=c+ XV + 20— + &

where terms have their usual meaning, we will discuss them in detail in Unit 9

ARIMA should be used when the data is stationary or can be made stationary through differencing, and
when there is no strong seasonal pattern present. For example, in stock market analysis, if the current
value depends on the previous value, a simple ARIMA model may be:

Y, =0.6Y_4 +¢&

If the previous value is 100, the predicted value becomes:
Y, =60+¢

This type of model is commonly used in stock price forecasting and demand prediction.

2. SARIMA (Seasonal ARIMA) is an extension of ARIMA that incorporates seasonal components
into the model. While ARIMA handles non-seasonal data, SARIMA is specifically designed to capture
patterns that repeat over fixed intervals, such as daily, monthly, or yearly cycles. This makes it highly
effective for datasets with clear seasonal trends.
The general form of SARIMA is:

SARIMA(p,d,q)(P,D,Q)m

where (Q)represent the seasonal components and m denotes the seasonal period. The expanded form
is:
®(B™p(B)(1 - B)* (1 —B™)PY, = 6(B™0(B)e,

where terms have their usual meaning, we will discuss them in detail in Unit 9

SARIMA is most appropriate when the data exhibits strong seasonal behaviour. For instance, retail
sales often increase during festive seasons like December. If the seasonal period is 12 (monthly data),
a simple interpretation is:

Y; =Y,_1, +trend + error

This means that current sales are influenced by the sales from the same month in the previous year.
SARIMA is widely used in applications such as sales forecasting, energy demand prediction, and
tourism analysis.



3. LSTM (Long Short-Term Memory) is a type of deep learning model belonging to the family of
Recurrent Neural Networks (RNNs). It is specifically designed to handle sequential data and capture
long-term dependencies, overcoming the limitations of traditional RNNs such as the vanishing gradient
problem. LSTM achieves this through a memory cell and three gates: the forget gate, input gate, and
output gate, which regulate the flow of information.

The functioning of LSTM can be described through the following equations:

Forget gate:
fe = o(Wy[he—1, x¢] + bf)
Cell state update:
Ct = fiCeq + itét
Output:

h’t = Ottanh (Ct)

where terms have their usual meaning, we will discuss them in detail in Unit 9

LSTM should be used when the data is non-linear, complex, and involves long-term dependencies. It is
particularly effective when large datasets are available. For example, in stock price prediction, LSTM
can learn patterns from historical sequences such as [100, 105, 110] and use them to predict future
values. It is also widely used in natural language processing, speech recognition, and weather
forecasting.

4. Bi-LLSTM (Bidirectional LSTM) is an advanced extension of LSTM that processes data in both
forward and backward directions. This allows the model to capture information not only from past
inputs but also from future context, leading to improved performance in sequence modelling tasks. It
consists of two LSTM layers: one that processes the sequence from left to right and another from right
to left.

The conceptual representation of Bi-LSTM is:
Forward pass:

h; = LSTM(x,)

Backward pass:
ht(_ = LSTM(X{:)

Final output:
hy = [he, ht(_]

where terms have their usual meaning, we will discuss them in detail in Unit 9

Bi-LSTM should be used when understanding the context from both past and future is important. This
is especially useful in applications such as natural language processing, where the meaning of a word
depends on the surrounding words. For example, the word “bank” can refer to a financial institution or
a riverbank, depending on the context before and after it. By analyzing the sequence in both directions,
Bi-LSTM provides better contextual understanding. It is commonly used in sentiment analysis, speech
recognition, and advanced forecasting tasks.



In short ARIMA and SARIMA are statistical models best suited for linear time series data, with
SARIMA specifically handling seasonal patterns. On the other hand, LSTM and Bi-LSTM are deep
learning models capable of capturing complex, non-linear relationships and long-term dependencies in
sequential data. The choice of model depends on the nature of the dataset, the presence of seasonality,
and the complexity of the patterns to be learned.

Comparison Between ARIMA & SARIMA

ARIMA (Autoregressive Integrated Moving Average) and SARIMA (Seasonal ARIMA) are both
widely used time series forecasting models, but they differ primarily in their ability to handle seasonality
and model complexity.

The comparison is as follows:

e First, ARIMA is designed to model non-seasonal time series data, whereas SARIMA is an
extension of ARIMA that can handle seasonal patterns in addition to non-seasonal
components. In other words, SARIMA builds upon ARIMA by incorporating seasonal behavior
present in the data.

e Another key difference lies in seasonality handling. ARIMA does not explicitly account for
seasonal variations, meaning it is suitable only when the data does not exhibit repeating
seasonal patterns. In contrast, SARIMA is specifically designed to capture such patterns by
incorporating seasonal differencing and seasonal lag terms.

e From a complexity perspective, ARIMA is simpler and computationally less expensive because
it involves fewer parameters. SARIMA, however, is more complex due to the addition of
seasonal components, which increases both computational cost and model tuning effort.

e Regarding data requirements, both models require the data to be stationary. However, SARIMA
may require additional seasonal differencing to remove seasonal trends, whereas ARIMA
only focuses on non-seasonal stationarity.

e In terms of use cases, ARIMA is suitable for datasets where there is no clear seasonal
behavior, such as short-term stock returns or non-cyclical demand forecasting. SARIMA, on
the other hand, is more appropriate when the data exhibits regular repeating patterns, such
as monthly sales data, electricity consumption, or tourism demand that follows yearly cycles.

e Finally, in terms of interpretability, ARIMA is generally easier to understand due to its simpler
structure, while SARIMA can be slightly more complex because of the additional seasonal
parameters.

Overall, ARIMA is best suited for non-seasonal, linear time series data, while SARIMA should be
used when the data contains clear seasonal patterns. Essentially, SARIMA can be viewed as an
enhanced version of ARIMA that adds the ability to model seasonality, making it more powerful for
real-world time series data that exhibit periodic behavior.

Comparison between LSTM & Bi LSTM



LSTM (Long Short-Term Memory) and Bi-LSTM (Bidirectional LSTM) are both advanced variants of
Recurrent Neural Networks designed to handle sequential data and capture dependencies over time.
However, they differ primarily in the way they process input sequences and utilize contextual
information.

The comparison is as follows:

e First, LSTM processes data in a single direction, typically from past to future. This means that
at any given time step, the prediction is based only on the current input and the previous hidden
states. In contrast, Bi-LSTM processes the sequence in both forward and backward
directions, allowing it to capture information from both past and future contexts
simultaneously.

e In terms of structure, a standard LSTM consists of one sequence of memory cells connected
through time, controlled by gates such as the forget gate, input gate, and output gate. Bi-LSTM,
however, consists of two LSTM layers—one that processes the sequence forward and another
that processes it backward—and their outputs are combined to produce the final result.

e From a performance perspective, LSTM is effective in capturing long-term dependencies, but
it may miss important context that lies ahead in the sequence. Bi-LSTM overcomes this
limitation by considering both past and future information, often leading to better accuracy
and richer feature representation, especially in tasks where context is critical.

e In terms of computational complexity, LSTM is relatively less complex and faster to train
because it processes the sequence only once. Bi-LSTM, on the other hand, is more
computationally expensive as it requires two passes through the data and combines the results,
making it slower and more resource-intensive.

e Regarding use cases, LSTM is suitable when predictions depend mainly on past information,
such as stock price prediction, time series forecasting, or sensor data analysis. Bi-LSTM is more
appropriate when understanding the full context of the sequence (both past and future) is
important, such as in natural language processing tasks like sentiment analysis, speech
recognition, and text classification.

e Finally, in terms of applicability, LSTM is often preferred for real-time or streaming data,
where future data is not available. Bi-LSTM, however, is better suited for offline analysis,
where the entire sequence is available beforehand and both directions can be utilized.

Overall, LSTM is a unidirectional model that captures past dependencies and is efficient for real-time
prediction tasks, whereas Bi-LSTM is a bidirectional model that leverages both past and future context
to achieve higher accuracy in complex sequence modelling tasks.

Finally, in this section we learned that the Time series analysis is a powerful approach for understanding
and forecasting data that evolves over time. By decomposing data into components such as trend and
seasonality, identifying patterns, and applying forecasting techniques, it becomes possible to make
informed predictions. These predictions are then used for optimization in areas such as finance, system
monitoring, inventory management, and industrial processes. Understanding both the mathematical



foundation and practical application of time series models is essential for effective data-driven decision-
making.

& Check Your Progress 2

Q1. What is Time Series Analysis? How does it differ from general statistical analysis?

7.4 SUPERVISED LEARNING MODELS
- AN INTRODUCTION

Supervised learning is a fundamental concept in machine learning where models are trained using
labelled data, meaning that each input is associated with a known output. The primary objective of
supervised learning is to learn a mapping function that can accurately predict the output for new, unseen
inputs. This relationship between input and output can be mathematically represented as:

y=fx)

where xrepresents the input features and yrepresents the target variable. The model learns this function
during training and uses it for prediction.

An important aspect of supervised learning is its ability to generalize beyond the training data. This is
measured using the concept of generalization error, which reflects how well the model performs on
unseen data. For instance, consider a simple model used to predict house prices:

y = 50000 + 1000x

If the size of a house is x = 100, then the predicted price becomes:
y = 50000 + 1000(100) = 150000

This example shows how supervised learning models can learn patterns from data and use them to make
predictions.



In practical applications, supervised learning is widely used in domains such as finance, healthcare, and
computer vision. The process typically involves splitting the dataset into training and testing sets, where
the training set is used to build the model and the testing set is used to evaluate its performance.

Supervised learning tasks are broadly categorized into classification and regression, depending on the
nature of the output variable.

Classification Tasks i.e. Predicting Discrete Outcomes, involve tasks for predicting categorical or
discrete outcomes, where the output belongs to a predefined set of classes. The objective is to assign
the correct label to each input based on learned patterns.

Mathematically, classification models often estimate the probability of a class given the input features:

P(y | x)

The predicted class is typically the one with the highest probability.
For example, consider an email classification system that predicts whether an email is spam or not. If
the model outputs:

P(Spam | x) = 0.8

Then, since the probability is greater than 0.5, the email is classified as Spam. Another simple rule-
based example can be expressed as:
y={1if x > 500 otherwise

If x = 60, then the output is y = 1, indicating the email is spam. This demonstrates how classification
models assign discrete labels.

Regression Tasks i.e. Predicting Continuous Values are the tasks that focus on predicting continuous
numerical values such as prices, temperature, or sales. The goal is to minimize the difference between
actual and predicted values using a loss function.

One of the most commonly used loss functions is the Mean Squared Error (MSE), defined as:

1
MSE = ;Z()’i — 9i)?

This measures the average squared difference between actual values and predicted values.
For example, suppose the actual values are [100, 120] and the predicted values are [110, 115]. Then the
MSE is calculated as:

(100 — 110)% + (120 — 115)2 100 +25 _

MSE =
2 2

62.5

This value indicates the prediction error, and lower values represent better model performance.

The Supervised Learning Workflow follows an iterative workflow that includes selecting an appropriate
algorithm, training the model, evaluating its performance, and refining it. The goal is to achieve a
balance between model accuracy, computational efficiency, and interpretability.

A key concept in this process is the bias-variance trade-off. Bias refers to errors due to overly simplistic
models, while variance refers to errors due to overly complex models that fit the training data too
closely.

For example, if the actual value is 100 and one model predicts 80, it indicates high bias (underfitting).
If another model predicts 98, it indicates lower bias and better performance. Thus, selecting the right
level of model complexity is essential.



Supervised model training and learning rely on mathematical foundations that guide how models
learn from data. The first important concept is the loss function, which measures the error between
actual and predicted values. A common loss function is:

L, 9) = - 9)*
For example, if the actual value is 50 and the predicted value is 45, then:
L = (50—45)2 =25

This error guides the model in improving its predictions.

Another important concept is gradient descent, an optimization technique used to minimize the loss

function. The update rule is:
0—o oL
7 %0
For example, if 8 = 5, learning rate @ = 0.1, and gradient = 2, then:

6=5-0.1(2) = 48

This shows how model parameters are updated iteratively to reduce error.

Finally, the bias-variance trade-off plays a crucial role in determining model performance. The total
error can be expressed as:
Error = Bias? + Variance + Noise

A model with high bias may underfit the data, while a model with high variance may overfit. Therefore,
achieving a balance between bias and variance is essential for building robust models.

Supervised learning is a powerful framework for predictive modeling that relies on labeled data to learn
relationships between inputs and outputs. It encompasses classification and regression tasks, supported
by mathematical foundations such as loss functions and optimization techniques. By understanding
these concepts and carefully managing trade-offs like bias and variance, supervised learning enables
accurate and reliable predictions across a wide range of real-world applications.

In General, the Supervised Learning Models include following:

1) K-Nearest neighbour

2) naive-bayes

3) Logistic regression

4) decision trees

5) Random Forest

6) Support vector Machines

Now, we will discuss these Supervised Learning Models in brief

1. K-Nearest Neighbours (KNN)

K-Nearest Neighbours (KNN) is a simple and intuitive supervised learning algorithm that belongs to
the category of non-parametric and instance-based learning methods. Instead of building a mathematical
model during training, KNN stores all the training data and makes predictions based on the similarity



between data points. When a new data point is introduced, the algorithm identifies the knearest
neighbors and assigns the class based on majority voting.

The similarity between data points is usually measured using distance metrics such as Euclidean

distance, which is given by:
d =X —y)?

KNN is best suited for small datasets where there are no strong assumptions about the underlying data
distribution, and where patterns are determined by proximity between points. For example, in customer
segmentation, if a new customer is surrounded by three nearest customers who are classified as “high
spenders,” then the new customer is also classified as a high spender. This demonstrates how KNN
relies purely on neighbourhood information.

2. Naive Bayes

Naive Bayes is a probabilistic classification algorithm based on Bayes’ theorem. It assumes that all
features are independent of each other given the class label, which simplifies the computation
significantly. Despite this “naive” assumption, the model performs very well in many real-world
scenarios, especially in text classification tasks.

The core formula of Naive Bayes is:

P(X1C)P(C)

PCCIX) =355

where P(C | X)is the posterior probability, P(X | C)is the likelihood, and P(C)is the prior probability.
Naive Bayes is particularly effective when working with large datasets and independent features, such
as in spam detection or sentiment analysis. For instance, if the probability that an email is spam given
certain words is calculated as:

P(Spam | words) = 0.9

then the email is classified as spam. This shows how probability-based reasoning is used for
classification.

3. Logistic Regression

Logistic regression is a supervised learning algorithm used primarily for binary classification problems.
Unlike linear regression, which predicts continuous values, logistic regression predicts probabilities
using a sigmoid (logistic) function, ensuring that the output lies between 0 and 1.

The mathematical form of logistic regression is:
1
PO=11%) = T——@mwmm

This probability is then converted into a class label based on a threshold (usually 0.5).

Logistic regression is suitable when the data is linearly separable and when probability interpretation is
important. For example, in loan approval systems, if the predicted probability of approval is 0.7, which
is greater than 0.5, the loan is approved. This makes logistic regression highly interpretable and widely
used in finance and healthcare.

4. Decision Trees

Decision trees are powerful supervised learning models that use a tree-like structure to make decisions.
The dataset is split into subsets based on feature values, forming branches and nodes until a final
decision (leaf node) is reached. This makes decision trees highly interpretable and easy to visualize.



A common criterion used for splitting is entropy, defined as:
Entropy = —Y¥p;log > p;

Decision trees are suitable for handling both linear and non-linear relationships and can be used for
classification as well as regression tasks. They are especially useful when interpretability is important.
For example, in a loan approval system, a decision tree may follow rules such as: if income is greater
than 50,000, approve the loan; otherwise, reject it. This rule-based approach makes the decision-making
process transparent.

5. Random Forest
Random Forest is an ensemble learning technique that improves upon decision trees by combining
multiple trees to produce a more accurate and stable prediction. Each tree is built using a random subset
of the data and features, and the final prediction is obtained by aggregating the outputs of all trees.
The conceptual formula for Random Forest prediction is:

Final Prediction =Y, Predictions of Tree
Random Forest is particularly useful when dealing with large datasets and when individual decision
trees tend to overfit. By averaging multiple trees, it reduces variance and improves generalization. For
example, in credit scoring, multiple decision trees may evaluate different aspects of a customer’s profile,
and the final decision is based on the majority vote or average prediction.

6. Support Vector Machines (SVM)
Support Vector Machines (SVM) is a powerful supervised learning algorithm that aims to find the
optimal hyperplane that separates different classes with the maximum margin. The idea is to maximize
the distance between the nearest data points (support vectors) and the decision boundary.
The equation of the hyperplane is:

w-x+b=0

and the objective is to maximize the margin:
2

Hwll

SVM is particularly effective in high-dimensional spaces and can handle both linear and non-linear data
using kernel functions. It is best used when there is a clear separation between classes and when the
dataset is not extremely large. For example, in face recognition systems, SVM can separate different
faces by constructing an optimal boundary in high-dimensional feature space.

Finally, we learned that the Supervised learning models provide a wide range of techniques for solving
classification and regression problems. KNN relies on proximity, Naive Bayes uses probability, logistic
regression predicts probabilities for classification, decision trees use rule-based splitting, Random
Forest enhances accuracy through ensemble learning, and SVM focuses on maximizing the margin
between classes. The choice of model depends on the nature of the dataset, the complexity of
relationships, and the desired balance between accuracy and interpretability.

This section concludes with the understanding that Supervised learning is a powerful framework for
predictive modelling that relies on labelled data to learn relationships between inputs and outputs. It
encompasses classification and regression tasks, supported by mathematical foundations such as loss
functions and optimization techniques. By understanding these concepts and carefully managing trade-
offs like bias and variance, supervised learning enables accurate and reliable predictions across a wide
range of real-world applications.



The next section we need to address is Unsupervised learning, before starting this section on
Unsupervised learning we need to understand the differences between Supervised learning and
Unsupervised learning.

Delineating Unsupervised from Supervised Learning

The primary distinction between supervised and unsupervised learning lies in the nature of the data.
Supervised learning uses labelled data, while unsupervised learning works with unlabelled data.

The key difference between supervised and unsupervised learning lies in the availability of labeled
outputs. Supervised learning uses labeled data to learn a mapping function:

y=fx)

where both input and output are known during training. In contrast, unsupervised learning does not
involve a target variable and instead focuses on discovering patterns within the data.

For example, in supervised learning, an input such as house size may be mapped to a known price. In
unsupervised learning, similar data points may be grouped into clusters without predefined labels.

In contrast, unsupervised learning focuses on discovering hidden structures:
Find f(X)

For example, consider the dataset [1, 2, 50, 55]. Without labels, an unsupervised algorithm groups
similar values together:
e Cluster 1 - [1, 2]

e Cluster 2 - [50, 55]

This grouping is based purely on similarity, demonstrating how unsupervised learning identifies natural
patterns in data.

Now, let's understand the Unsupervised learning models in the next section.

w Check Your Progress 3

Q1. What is Supervised Learning? Explain its objective in predictive analytics.



Q5. List and briefly explain any two supervised learning algorithms.

7.5 UNSUPERVISED LEARNING MODELS
- AN INTRODUCTION

Unsupervised learning is a fundamental paradigm in machine learning that focuses on extracting
meaningful insights from data that does not contain predefined labels. Unlike supervised learning,
where models are trained using input-output pairs, unsupervised learning works solely with input data
and aims to uncover hidden patterns, structures, or relationships within it.

Mathematically, unsupervised learning can be represented as:

X ={x1,%5,...,%,}

where only the input dataset Xis available, and the objective is to discover an underlying structure f(X).
This makes unsupervised learning particularly suitable for exploratory data analysis, where the goal is
to understand the data rather than predict known outcomes.

The primary tasks in unsupervised learning include clustering, association rule mining, and
dimensionality reduction. Clustering groups have similar data points, association rules identify
relationships between variables, and dimensionality reduction simplifies complex datasets while
preserving essential information. i.e. The primary objective of unsupervised learning is exploratory
data analysis, where algorithms identify similarities, group data points, and reveal hidden insights.
These methods are broadly categorized into three major tasks:

e Clustering - grouping similar data points
e Association Rules - finding relationships between variables

e Dimensionality Reduction - simplifying data representation

The core of Unsupervised learning starts by Defining the Unlabelled Data Paradigm, in the unlabelled
data paradigm, algorithms rely entirely on the inherent properties of the data to identify meaningful
groupings or structures. Since no prior labels are available, the model must determine similarity based
on distance or statistical measures.

A common objective in clustering is to minimize the distance between data points and their respective

cluster centroids, expressed as:
k

Minimize: Z Z [l x — p; 11

i=1 x€C;

where C; represents a cluster and y; represents its centroid.

For example, consider data points [2, 4, 10] divided into two clusters. The centroid of the first cluster

containing points 2 and 4 is:

_2+4_3
U = 2



The distance of each point from the centroid is:
Hz2-31=1114-31=1

The point 10 forms a separate cluster with centroid 10. This illustrates how clustering organizes data
based on similarity without requiring labels.

It is to be noted that Unsupervised learning plays a significant role in extracting actionable insights from
raw data, making it highly valuable in real-world applications. We can understand better by considering
some Real world application of unsupervised learning techniques to perform exploratory data analysis
and generate some insights.

Say, for example, in customer segmentation, clustering algorithms group customers based on
purchasing behaviour or demographics. For instance, given spending values [100, 120, 500], the
algorithm may group [100, 120] as low spenders and [500] as high spenders. The similarity between
customers is often measured using distance metrics such as:

d =/ (x2)?

Similarly, in recommendation systems, association rules are used to discover relationships between
items. These relationships are quantified using metrics such as support, confidence, and lift.
Transactions containing A

S t =
uppor Total Transactions
Support(ANB
Confidence %
Lift = Confidence
iyt = Support(B)

For example, if 20 out of 100 transactions contain item A, then:

S t—20—02
upport = - = 0.

If 15 of these transactions also contain item B, then:

15
Confidence = — = 0.75
/ 20
A high confidence value indicates a strong association between items.
Also, Unsupervised learning is also widely used in anomaly detection to identify unusual data points.

This can be done using the Z-score formula:

For example, if the mean is 50, the standard deviation is 10, and a value of 100 is observed, then:
7= 100 -50 .
= 0 =

Since this value is far from the mean, it is identified as an outlier.



We learned about the basics of unsupervised learning, but it is to be noted that the theoretical objective
of unsupervised learning is to understand the mathematical and algorithmic foundations behind pattern
discovery techniques.

The most frequently used techniques involve the K-Means clustering, Hierarchical Clustering,
Association rule mining technique.

In K-Means clustering, the centroid of a cluster is calculated as:
= %
= X;
Hik Nk i

For example, if the data points are [2, 4], the centroid becomes:

2+4

T 5
==

But, Hierarchical clustering builds clusters step by step based on distance. For instance, given points 2,
3, and 10, the closest points (2 and 3) are merged first.

Whereas, the Apriori algorithm is used in association rule mining to identify frequent itemsets. The
support of an item is calculated as:
Count(A)

Total Transactions

Support(4) =

For example, if an item appears 30 times in 100 transactions:
Support = 0.3

Further, the Analytical Objectives of Unsupervised learning involves the Evaluation and
Interpretation of the results i.e. the Analytical objectives focus on evaluating the quality of discovered
patterns and clusters.

One commonly used metric is the silhouette score, defined as:
b—a
" max (a,b)

where a is the average intra-cluster distance and b is the nearest cluster distance.
For example, if a = 2 and b = 5, then:

This indicates good clustering performance.

Similarly, association rules are evaluated using support, confidence, and lift, where a lift value greater
than 1 indicates a strong and meaningful relationship between items.

However, the Practical Objectives of Unsupervised learning relates to Model Selection and their
limitations i.e. the practical objective of unsupervised learning is to select appropriate models based on
data characteristics and understand their limitations.

For example, the K-Means clustering is sensitive to outliers i.e. If the dataset is [1, 2, 100], the centroid
shifts significantly:



1+2+100

This demonstrates how outliers can distort results.

Alternative models such as density-based clustering (e.g., DBSCAN) address this limitation by
grouping points based on density. In this approach, points are assigned to a cluster if their distance is
less than a threshold €. Points that do not satisfy this condition are treated as noise.

So, we learned that Unsupervised learning provides a powerful framework for analysing unlabelled data
and discovering hidden structures within it. By leveraging techniques such as clustering, association
rule mining, and anomaly detection, it enables meaningful insights without the need for predefined
outputs. The use of mathematical formulations, evaluation metrics, and real-world applications makes
unsupervised learning an essential tool in modern data analysis, particularly in scenarios where labelled
data is unavailable or costly to obtain.

Now we are going to discuss in brief, about the Unsupervised Learning Models:
1. K-Means Clustering
2. Hierarchical Clustering
3. Agglomerative Clustering
4. Association Rules

1. K-Means Clustering is one of the most widely used unsupervised learning algorithms, based on the
concept of partitioning data into a predefined number of clusters. It is a centroid-based method in which
each cluster is represented by its centroid, and the algorithm aims to minimize the distance between
data points and their respective centroids. The process is iterative: initially, centroids are selected, then
data points are assigned to the nearest centroid, and finally, centroids are recalculated until the clusters
stabilize.

The objective function of K-Means is to minimize the within-cluster sum of squares, expressed as:

k
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where C;represents the cluster and y;represents its centroid. The centroid itself is calculated as:
- 2
L= =) X
nul n l

K-Means is most suitable when the data is numerical, well-separated, and when the number of clusters
kis known in advance. It performs efficiently on large datasets but may struggle with irregular cluster
shapes or outliers. For example, in customer segmentation, if the spending values are [100, 120, 500],
the algorithm may group [100, 120] as low spenders and [500] as high spenders, illustrating how
clustering is based on similarity.

2. Hierarchical Clustering is a method that builds a hierarchy of clusters, either by merging smaller
clusters into larger ones or by splitting larger clusters into smaller ones. Unlike K-Means, it does not
require the number of clusters to be specified in advance. The result is typically represented using a
dendrogram, which visually shows the arrangement of clusters and their relationships.

The similarity between data points is commonly measured using distance metrics such as Euclidean
distance:



d=X(x;—y)?

Hierarchical clustering is particularly useful for small datasets and when there is a need to understand
the relationships between clusters at different levels. It is also beneficial when the number of clusters is
unknown. For instance, given data points [2, 3, 10], the algorithm identifies that 2 and 3 are closest and
merges them first, forming a cluster before considering other points. This step-by-step merging process
builds a hierarchy of clusters.

3. Agglomerative Clustering is a specific type of hierarchical clustering that follows a bottom-up

approach. In this method, each data point initially forms its own cluster, and pairs of clusters are merged

iteratively based on similarity until all points belong to a single cluster or a stopping condition is met.

One commonly used method to measure the distance between clusters is single linkage, defined as:
d(A,B) = min (d(x,y))

where xand yare points in clusters Aand B, respectively.

Agglomerative clustering is suitable when interpretability and hierarchical structure are important, and
it works well for small to medium-sized datasets. It does not assume any specific shape of clusters,
making it flexible in various scenarios. For example, in document clustering, different articles are
initially treated as separate clusters and gradually grouped together based on similarity in content,
forming meaningful clusters over time.

4. Association Rules learning is an unsupervised technique used to discover interesting relationships
or patterns between variables in large datasets. It is widely used in market basket analysis, where the
goal is to identify items that are frequently purchased together.

The strength of association rules is measured using metrics such as support, confidence, and lift. Support

indicates how frequently an item appears in the dataset:
Transactions containing A

S t(4) =
upport(4) Total Transactions
Confidence measures the likelihood that item B is purchased when item A is purchased:

Support(ANB
Confidence(A = B) = M

Support(A)
Lift evaluates the strength of the association relative to random occurrence:
) Confidence
Lift = ————
Support(B)

Association rules are most useful in large transactional datasets, recommendation systems, and retail
analysis. For example, if there are 100 transactions, and 20 include bread while 15 include both bread
and butter, then:

. 15
Confidence = 20 0.75

This indicates a strong association between bread and butter, suggesting that customers who buy bread
are likely to also buy butter.

This section concludes with the understanding that the Unsupervised learning models such as K-Means,
hierarchical clustering, agglomerative clustering, and association rules play a crucial role in discovering
hidden patterns in unlabelled data. K-Means provides efficient clustering based on centroids,
hierarchical methods reveal relationships between clusters, agglomerative clustering builds clusters step



by step, and association rules uncover meaningful relationships between variables. The choice of
method depends on the dataset size, structure, and the type of insights required.

w Check Your Progress 4

Q1. What is Unsupervised Learning? Explain its objective in predictive analytics.

7.6 SUMMARY

Unit 7 on Predictive Analytics Models provides a comprehensive introduction to the techniques used
for forecasting future outcomes based on historical data. The unit begins with regression models, which
establish relationships between variables and are widely used for predicting continuous values such as
sales, demand, or risk. These models form the foundation of predictive analytics by quantifying how
changes in independent variables influence a dependent variable, enabling informed forecasting and
decision-making.

The unit further explores time series and forecasting models, which focus on analysing data collected
over time to identify trends, seasonality, and patterns. These models are essential for predicting future
values in time-dependent scenarios such as stock prices, weather patterns, and business performance.
By understanding temporal structures in data, learners can develop accurate and reliable forecasts that
support planning and strategic decisions.

In addition, the unit introduces supervised and unsupervised learning models, which are key
components of modern machine learning. Supervised learning uses labelled data to train models for
prediction and classification tasks, while unsupervised learning identifies hidden patterns, groupings,
or structures in unlabelled data. Together, these approaches provide a complete framework for
predictive analytics, enabling learners to apply both statistical and machine learning techniques to real-
world problems and make data-driven predictions effectively.



7.7 ANSWERS

= Check Your Progress 1
Q1. What is Regression Analysis? Explain its objective in predictive analytics.
Solution: Refer to Section 7.2
Q2. Differentiate between dependent and independent variables with examples.
Solution: Refer to Section 7.2
Q3. Explain Linear Regression with its mathematical form and example.
Solution: Refer to Section 7.2
Q4. What are the different types of regression models? Briefly explain any two.
Solution: Refer to Section 7.2
Q5. Discuss the challenges in regression analysis.
Solution: Refer to Section 7.2

= Check Your Progress 2
Q1. What is Time Series Analysis? How does it differ from general statistical analysis?
Solution: Refer to Section 7.3
Q2. Explain the components of a Time Series.
Solution: Refer to Section 7.3
Q3. What are the main objectives of Time Series Analysis?
Solution: Refer to Section 7.3
Q4. Differentiate between ARIMA and SARIMA models.
Solution: Refer to Section 7.3
Q5. Compare LSTM and Bi-LSTM models in time series forecasting.
Solution: Refer to Section 7.3

w Check Your Progress 3
Q1. What is Supervised Learning? Explain its objective in predictive analytics.
Solution: Refer to Section 7.4
Q2. Differentiate between Classification and Regression tasks in supervised learning.
Solution: Refer to Section 7.4
Q3. Explain the concept of loss function and its role in supervised learning.
Solution: Refer to Section 7.4
Q4. What is the bias-variance trade-off? Why is it important?.
Solution: Refer to Section 7.4
Q5. List and briefly explain any two supervised learning algorithms.
Solution: Refer to Section 7.4

w Check Your Progress 4
Q1. What is Unsupervised Learning? Explain its objective in predictive analytics.
Solution: Refer to Section 7.5
Q2. Differentiate between Supervised and Unsupervised Learning.
Solution: Refer to Section 7.5
Q3. Explain Clustering and its importance in unsupervised learning.
Solution: Refer to Section 7.5
Q4. What are the common unsupervised learning techniques? Briefly explain any two.
Solution: Refer to Section 7.5
Q5. What are the challenges in Unsupervised Learning?
Solution: Refer to Section 7.5
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