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3.1 INTRODUCTION 

Descriptive, diagnostic, predictive, and prescriptive analyses together form a continuum of 
data analytics, where each stage builds logically upon the previous one to support 
increasingly informed decision-making. Understanding this interconnection is essential for 
students of data science, as it clarifies how raw data is progressively transformed into 
actionable insights and optimal decisions. 

Descriptive analysis is the foundation of this continuum. It focuses on summarizing and 
organizing historical data to answer the question “What has happened?”. Using measures of 
central tendency, dispersion, frequency distributions, and visualizations, descriptive analysis 
provides a clear and structured view of past data. However, it does not explain the reasons 
behind observed patterns. 

Building on this foundation, diagnostic analysis seeks to answer “Why did it happen?”. It 
examines relationships, dependencies, and underlying causes using techniques such as 
correlation analysis, data mining, and drill-down analysis. Diagnostic analysis relies heavily 
on descriptive results, as understanding what occurred is a prerequisite for investigating why 
it occurred. 

Once the past has been described and explained, predictive data analysis extends the 
analytical process by addressing the question “What is likely to happen next?”. Predictive 
analysis uses historical data patterns uncovered through descriptive and diagnostic analyses 
to build statistical and machine learning models, such as regression, time series forecasting, 
and classification. These models estimate future outcomes and trends, enabling anticipation 
of events rather than mere reaction to them. 



Finally, prescriptive data analysis represents the most advanced stage in the analytics 
continuum. It answers the question “What should be done?” by combining predictions with 
optimization, simulation, and decision models. Prescriptive analysis uses the outputs of 
predictive models to recommend actions that lead to optimal or desired outcomes under given 
constraints. The prescriptive data analysis is the forte of the subsequent unit of this block.  

Overall, descriptive analysis provides understanding, diagnostic analysis provides 
explanation, predictive analysis provides foresight, and prescriptive analysis provides 
guidance. Having already covered descriptive and diagnostic analyses in earlier units, the 
current unit on predictive data analysis naturally follows by focusing on forecasting future 
outcomes. This progression sets the stage for the subsequent unit on prescriptive data analysis, 
where data-driven recommendations and decision strategies are developed. 

Let’s begin this unit on Predictive data analysis. 

 

3.2 EXPECTED LEARNING OUTCOMES 

After completing this unit, you should be able to:  

● Understand Predictive Analysis 

● Understand Regression Analysis 

● Understand Time Series Analysis 

● Understand Classification 

● Understand Clustering 

 

3.3 PREDICTIVE ANALYSIS 

Predictive data analysis is an advanced stage of data analytics that focuses on answering the 
question “What is likely to happen in the future?” by using historical data, statistical 
techniques, and machine learning models. While descriptive and diagnostic analyses deal with 
understanding past data and identifying the reasons behind observed outcomes, predictive 
analysis builds upon these insights to forecast future trends, behaviours, and events. For 
students of data science, predictive analysis forms a crucial bridge between understanding data 
and applying it to real-world decision-making. 
 
At the core of predictive data analysis lies the idea that patterns observed in historical data can 
be used to make informed predictions about future outcomes. By identifying relationships, 
trends, and structures within data, predictive models estimate the likelihood of future events 
and quantify uncertainty. These predictions support decision-making in diverse domains such 
as business forecasting, healthcare risk assessment, financial modelling, demand planning, and 
recommendation systems. 



 
The Predictive Data Analytics involves the following: 

● Regression Analysis,  

● Time Series Analysis,  

● Classification,  

● Clustering  
Regression analysis is one of the fundamental techniques used in predictive analysis. It models 
the relationship between a dependent variable and one or more independent variables to predict 
continuous outcomes, such as sales, prices, or demand. Regression not only provides 
predictions but also helps quantify the impact of each predictor, making it both a predictive 
and explanatory tool. 
 
Time series analysis is another important component of predictive data analysis, particularly 
when data is collected over time. It focuses on identifying temporal patterns such as trends, 
seasonality, and cycles, and uses these patterns to forecast future values. Time series models 
are widely used in applications like stock price forecasting, weather prediction, and sales 
demand estimation. 
 
Classification techniques are used in predictive analysis when the outcome variable is 
categorical. These methods assign new observations to predefined classes based on learned 
patterns from historical data. Classification models are commonly applied in areas such as 
fraud detection, disease diagnosis, customer churn prediction, and credit risk assessment, where 
the goal is to predict class membership rather than numerical values. 
 
Clustering, although primarily an unsupervised learning technique, plays a supporting role in 
predictive analysis by discovering hidden group structures within data. By segmenting data 
into meaningful clusters, clustering helps improve predictive performance, personalize 
predictions, and identify patterns that influence future behavior. For example, customer 
segmentation through clustering can enhance targeted marketing predictions. 
 
In this unit, students will learn how predictive data analysis integrates regression analysis, time 
series analysis, classification, and clustering to build models that anticipate future outcomes. 
Emphasis is placed on understanding the assumptions, strengths, and limitations of each 
technique, as well as their practical relevance in real-world data science applications. This unit 
equips learners with the foundational knowledge required to design, evaluate, and interpret 
predictive models effectively, preparing them for advanced analytics and machine learning 
tasks. 

☞ Check Your Progress 1 

Q1. Explain the continuum of data analytics from descriptive to prescriptive analysis. 

…………………………………………………………………………………………… 

…………………………………………………………………………………………… 



Q2. What is Predictive Data Analysis? How does it differ from descriptive and diagnostic analysis? 

…………………………………………………………………………………………… 

…………………………………………………………………………………………… 

Q3. List and briefly explain the main techniques used in Predictive Data 
Analysis.…………………………………………………………………………………………… 

…………………………………………………………………………………………… 

3.3.1 REGRESSION ANALYSIS 

Regression analysis is one of the most important and widely used tools in predictive data 
analysis. It helps data scientists model relationships between variables and use those 
relationships to predict future outcomes. In predictive analytics, regression answers the core 
question: “Given what we know from historical data, what value is likely to occur next?” 
 
At its core, regression analysis studies how a dependent variable (output) changes with 
respect to one or more independent variables (inputs). By learning this relationship from past 
data, a regression model can be used to estimate or forecast unknown or future values. Because 
of this capability, regression forms the backbone of prediction tasks in domains such as sales 
forecasting, demand estimation, price prediction, risk assessment, and performance analysis. 
 
Regression analysis is highly valued in predictive analytics because it produces predictions that 
are easy to interpret and understand, clearly explains how different predictors influence the 
outcome, and supports forecasting as well as scenario-based analysis. Additionally, regression 
forms the foundation for many machine learning algorithms, which is why regression models 
are often developed first before progressing to more complex predictive techniques. 
 
Regression analysis serves predictive data analysis in the following ways: 
 

● It quantifies relationships between variables 
● It estimates future values of the dependent variable 
● It measures the impact of each predictor 
● It provides interpretable models, which is important for business and policy decisions 

 
For example, a data scientist may use regression to predict future sales based on advertising 
spend, forecast house prices using location and size, or estimate patient recovery time using 
medical indicators. 
 
Regression analysis can be classified into several types based on the nature of the dependent 
variable and the complexity of relationships; a few are listed below:  
 

1. Simple Linear Regression 
2. Multiple Linear Regression 



3. Polynomial Regression 
4. Logistic Regression (Although called regression, it is primarily a classification-based 

predictive technique.) 
5. Regularized Regression (Ridge and Lasso) 

 
We will briefly discuss each of the above-mentioned type of regression techniques, to begin 
with the Simple linear regression: 
 
1. Simple Linear Regression: Simple linear regression is the most basic form of regression 
analysis. It models the relationship between one independent variable and one dependent 
variable, assuming a linear relationship. 
 
The general form of the simple linear regression equation is: 

𝑌 = 𝑎 + 𝑏𝑋 

𝑦ത      𝑥̅   

Where: 

● 𝑌is the dependent variable 
● 𝑋is the independent variable 
● 𝑎is the intercept (value of 𝑌when 𝑋 = 0) 
● 𝑏is the slope (change in 𝑌for a unit change in 𝑋) 

The slope 𝑏 is calculated as: 

𝑏 =
∑(𝑥 − 𝑥̅  )(𝑦 − 𝑦ത)

∑(𝑥 −  𝑥̅  )ଶ
 

and the intercept 𝑎 is: 

𝑎 = 𝑦ത − 𝑏 𝑥̅   

Example: Suppose a data scientist wants to predict sales (Y) based on advertising spend (X). 

X (Ad Spend) Y (Sales) 

10 40 

20 50 

30 60 

40 70 

50 80 



Mean values: 𝑥̅ = 30 , 𝑦ത  = 60 
 
Using the formulas: 

𝑏 = 1, 𝑎 = 30 

Regression equation: 

𝑌 = 30 + 1𝑋 

This model can now be used for prediction. If advertising spend is ₹60, predicted sales will be: 

𝑌 = 30 + 60 = 90 

This illustrates how regression converts historical patterns into predictive capability. 

2. Multiple Linear Regression: Multiple linear regression extends simple linear regression by 
using two or more independent variables to predict a single dependent variable. This is more 
realistic for real-world predictive problems. 
 
The general equation is: 

𝑌 = 𝑎 + 𝑏ଵ𝑋ଵ + 𝑏ଶ𝑋ଶ + ⋯ + 𝑏௡𝑋௡ 

Where: 

● 𝑋ଵ, 𝑋ଶ, … , 𝑋௡are independent variables 
● 𝑏ଵ, 𝑏ଶ, … , 𝑏௡measure the impact of each variable 

 
Multiple regression is widely used in predictive analytics when outcomes depend on several 
factors simultaneously, such as predicting house prices using size, location, and age of 
property. 
 
Note: In the case of multiple linear regression, the problem involves predicting a continuous 
outcome using more than one influencing factor.  
 
In the problem given below, the objective is to estimate the price of a house by considering 
multiple independent variables such as the size of the house and the number of bedrooms. Since 
house price is influenced by several factors simultaneously, this problem requires a regression 
model that can capture the combined effect of multiple predictors on a single dependent 
variable, making multiple linear regression an appropriate choice.  
 
Example: Given the Regression equation  𝑌 = 20 + 0.05𝑋ଵ + 10𝑋ଶ Predict the price of a 
house of size 100 sq. m with 3 bedrooms. 
 
 



Solution:  
Here, we are to Predict house price (Y) based on size (X₁) and number of bedrooms (X₂). 
 
This is the case of multiple linear regression, because the problem involves predicting a 
continuous outcome i.e. house price (Y) using more than one influencing factor i.e. size (X₁) 
and number of bedrooms (X₂). 
 
Thus, the Multiple regression Model to be used will be   𝑌 = 𝑎 + 𝑏ଵ𝑋ଵ + 𝑏ଶ𝑋ଶ 
 
Given Regression Equation 

𝑌 = 20 + 0.05𝑋ଵ + 10𝑋ଶ 

Where: 
● 𝑋ଵ= House size (sq. meters) 
● 𝑋ଶ= Number of bedrooms 
● 𝑌= Price (in lakhs) 

 
Hence, the prediction for a house of 100 sq. m with 3 bedrooms: 

𝑌 = 20 + 0.05(100) + 10(3)𝑌 = 20 + 5 + 30 = 55 

The predicted house price is ₹55 lakhs. Size and number of bedrooms both positively influence 
price, with bedrooms having a stronger impact. 

3. Polynomial Regression: Polynomial regression is used when the relationship between 
variables is non-linear but still follows a predictable curve. 
 
The general form is: 

𝑌 = 𝑎 + 𝑏𝑋 + 𝑐𝑋ଶ + 𝑑𝑋ଷ + ⋯ 

Although it is called non-linear, polynomial regression is linear in terms of parameters and is 
often used to capture growth, saturation, or curved trends in predictive analysis, such as 
predicting energy consumption or population growth. 

Note: For polynomial regression, the problem focuses on predicting a continuous variable 
when the relationship between the predictor and the outcome is non-linear.  

Consider the example given below, the aim is to estimate electricity consumption based on 
temperature. As temperature increases, electricity usage does not increase at a constant rate but 
follows a curved pattern. Polynomial regression is suitable here because it can model such non-
linear relationships by incorporating higher-degree terms of the independent variable. 

Example: Given the Polynomial regression model as 𝑌 = 10 + 2𝑋 + 0.5𝑋ଶ, Predict 
electricity consumption (Y) based on temperature (X) for 4 units of Temperature. 

Solution: Here the relationship is non-linear (parabolic) because 𝑌 = 10 + 2𝑋 + 0.5𝑋ଶ 



As the Given Equation is 𝑌 = 10 + 2𝑋 + 0.5𝑋ଶ therefore Prediction For X = 4 units will be: 
𝑌 = 10 + 2(4) + 0.5(16)𝑌 = 10 + 8 + 8 = 26 

Electricity consumption increases at an increasing rate as temperature rises, showing a non-
linear predictive relationship. 
 
4. Logistic Regression: Logistic regression is used when the dependent variable is categorical, 
usually binary (0 or 1). Instead of predicting a numerical value, it predicts the probability of 
an event. 
 
The logistic regression model is: 

𝑃(𝑌 = 1) =
1

1 + 𝑒ି(௔ା௕ )
 

 
Logistic regression is widely used in predictive data analysis for: 

● Credit default prediction 
● Disease diagnosis 
● Fraud detection 
● Customer churn prediction 

Note:  
● Although called regression, it is primarily a classification-based predictive technique. 
● The logistic regression problem involves predicting a categorical outcome rather than a 

numerical value.  
 

Important: The objective of the problem given below is to determine whether a customer is 
likely to churn or not based on usage behavior. Since the outcome has two possible 
categories—churn or no churn—logistic regression is used to estimate the probability of churn. 
This makes it a valuable predictive tool for classification problems where decision-making is 
based on likelihood rather than exact numerical prediction. 
 
Example: Given Equation the equation for logistic regression as below: 

𝑃(𝑌 = 1) =
1

1 + 𝑒ି(ିସା଴.଼௑)
 

Predict whether a customer will churn (Yes = 1 / No = 0) based on monthly usage (X). 
Model 

Solution: In the given equation 𝑃(𝑌 = 1) =
ଵ

ଵା௘ష(ೌశ್೉)
; it is to be noted that 𝑎 + 𝑏𝑋 is the 

equation of simple linear regression only where a & b are the intercept and slope respectively. 
 

Now, the Given Equation is 𝑃(𝑌 = 1) =
ଵ

ଵା௘ష(షరశబ.ఴ೉) we need to make prediction for X = 6: 

𝑃 =
1

1 + 𝑒ି(ିସାସ.଼)
=

1

1 + 𝑒ି଴.଼
≈ 0.69 



The outcome can be interpreted that there is a 69% probability that the customer will churn. 
Logistic regression predicts probabilities, making it ideal for classification-based prediction. 

5. Regularized Regression (Ridge and Lasso) 
In predictive modeling with many variables, issues such as multicollinearity and overfitting 
may arise. Regularized regression techniques address these problems. 

● Ridge Regression adds a penalty on squared coefficients 
● Lasso Regression adds a penalty on absolute coefficients and performs variable 

selection 
These techniques improve predictive accuracy and model stability, especially in high-
dimensional data science problems. 
 
In regularized regression, the problem centers on predicting a continuous outcome when there 
are many independent variables that may be correlated with each other.  
 
For Example: The goal is to estimate an exam score using multiple predictors such as study 
hours, coaching hours, online practice, and attendance. Because these predictors may overlap 
in the information they provide, regularization techniques like Ridge and Lasso regression are 
applied to control model complexity, reduce overfitting, and improve prediction accuracy. 
Ridge regression shrinks coefficients to manage multicollinearity, while Lasso regression 
additionally helps identify and retain only the most important predictors by eliminating less 
relevant ones. 
We restrict our discussion on Regularized Regression (Ridge and Lasso) up to this only. 
 
Now we are going to extend our discussion to the Time series analysis in the subsequent section 
of this unit. 
 

☞ Check Your Progress 2 

Q1. What is Regression Analysis? Explain its role in Predictive Data Analysis 

.…………………………………………………………………………………………………………… 

…………………………………………………………………………………………………………… 

Q2. Differentiate between Simple Linear Regression and Multiple Linear Regression 

.…………………………………………………………………………………………………………… 

……………………………………………………………………………………………………….…… 

Q3. Explain Logistic Regression and Polynomial Regression with their use cases 

.………………………………………………………………………………………………………….… 

…………………………………………………………………………………………………….……… 



3.3.2 TIME SERIES ANALYSIS 

Time Series Analysis is a statistical and analytical technique used to study data points collected 
sequentially over time, with the objective of identifying patterns such as trend, seasonality, and 
cyclic behaviour, and using these patterns to forecast future values. Unlike other forms of data 
analysis where the order of observations may not matter, time series analysis treats time as a 
critical dimension, meaning that the sequence and spacing of observations directly influence 
the analysis and results. 
 
In the context of predictive data analytics, time series analysis plays a central role because it 
focuses explicitly on predicting future outcomes based on historical time-dependent data. By 
learning from past behaviour, time series models enable data scientists to forecast variables 
such as future sales, demand, stock prices, energy consumption, and website traffic. Predictive 
analytics relies on these forecasts to anticipate events, plan resources, and make proactive 
decisions. 
 
There is a strong conceptual and methodological connection between regression analysis and 
time series analysis in predictive data analytics. Regression analysis models the relationship 
between a dependent variable and one or more independent variables, and this framework can 
be extended to time-based data. In time series analysis, regression is often used by 
incorporating time or lagged variables as predictors. For example, future sales can be predicted 
using past sales values, seasonal indicators, or external variables such as promotions and 
economic indicators. Models such as trend regression, distributed lag models, and time series 
regression with exogenous variables (ARIMAX) illustrate how regression principles are 
embedded within time series forecasting. 
 
However, time series analysis goes beyond traditional regression by explicitly accounting for 
autocorrelation, where current values depend on past values of the same variable. Techniques 
like ARIMA combine regression-like components with moving averages of past errors to 
improve predictive accuracy. Thus, while regression focuses on explaining relationships 
between variables at a point in time, time series analysis emphasizes modeling temporal 
dependence for forecasting. 
 
Overall, we can say that the time series analysis is a key component of predictive data analytics, 
designed specifically for forecasting time-dependent data. Regression analysis and time series 
analysis are closely connected, with regression concepts forming the foundation of many time 
series models. Together, they enable data scientists to build robust predictive models that 
capture both relationships among variables and their evolution over time. 
 
For better clarity on Time Series Analysis firstly we need to understand few basic concepts, 
terms and definitions    
 



Let’s begin by understanding what is a Time Series? one can express that - “a time series is a 
sequence of observations recorded over time at regular intervals such as daily, monthly, 
quarterly, or yearly”.  
 
Unlike cross-sectional data, time series data is ordered in time, and the temporal order is crucial 
for analysis and modeling. Examples include daily stock prices, monthly sales figures, and 
annual rainfall data. 
 
A time series typically consists of four main components :  
1. The Trend (T) represents the long-term movement or direction of the data, such as a steady 

increase in sales over years.  
2. The Seasonal component (S) captures regular and repeating patterns within a fixed period, 

such as higher sales during festive seasons.  
3. The Cyclical component (C) reflects long-term fluctuations caused by economic or 

business cycles that do not follow a fixed period. T 
4. The Irregular or Random component (I) accounts for unpredictable variations due to 

random or unforeseen events, such as natural disasters or sudden market shocks. 
 
Common examples of time series data include daily temperature readings, monthly electricity 
consumption, quarterly GDP growth rates, annual population figures, hourly website traffic, 
and weekly product demand. In data science, time series data is widely used for forecasting, 
monitoring performance, and detecting anomalies over time. 
 
Time series analysis involves studying past observations to understand underlying patterns and 
to forecast future values. It focuses on identifying trend, seasonality, and other structural 
components in the data. Techniques used in time series analysis range from simple methods 
like moving averages and exponential smoothing to advanced models such as ARIMA and 
state-space models. In predictive data analysis, time series modeling plays a vital role in 
forecasting future trends, supporting planning, and enabling proactive decision-making across 
domains such as finance, economics, healthcare, and operations. 
A systematic learning path for time series analysis begins with basic methods such as moving 
averages and exponential smoothing, progresses to intermediate techniques like Auto 
Correlation, Holt–Winters and time series decomposition, advances to statistical models such 
as ARIMA and SARIMA, and finally machine learning and deep learning approaches like 
LSTM, GRU, and transformer-based models. This progression enables learners to move from 
simple forecasting to advanced predictive time series modeling in data science. 
 
In this section we restrict our discussion to a few of the mentioned techniques, and they are 
listed below: 

1. Moving Averages 
2. Exponential Smoothening 
3. Auto Correlation 

Let’s Begin with the first one i.e. the technique of Moving Averages for Time Series Analysis 
 



Moving averages are one of the simplest and most widely used techniques in time series 
analysis, especially at the initial stage of predictive data analytics. They are primarily used to 
smooth short-term fluctuations in time series data and highlight the underlying trend. Because 
of their simplicity and interpretability, moving averages are often the first forecasting tool 
introduced to students of data science. 
 
The moving average method works by averaging a specified number of recent observations 
to reduce random noise and irregular variations in the data. As the averaging window moves 
forward, older values are dropped and newer values are included. This process smooths the 
series and makes long-term patterns easier to identify. 
 
Moving averages are particularly useful when: 

● The data shows random fluctuations 
● The goal is trend identification 
● Short-term forecasting is required 
● The time series does not have strong seasonality 

 
However, moving averages are less effective when data contains strong seasonal patterns 
unless special seasonal moving averages are used. 
 
Formally one can define Moving Averages as Below: 
 
A moving average is defined as the average of a fixed number of consecutive observations in 
a time series, calculated repeatedly by moving the window forward one time period at a time. 
Each new average replaces the oldest observation with the newest one, which is why it is called 
a “moving” average. 
Mathematically, for a time series 𝑌ଵ, 𝑌ଶ, … , 𝑌௡, the k-period moving average at time 𝑡is given 
by: 

𝑀𝑜𝑣𝑖𝑛𝑔 𝐴𝑣𝑒𝑟𝑎𝑔𝑒௧ =
𝑌௧ + 𝑌௧ିଵ + ⋯ + 𝑌௧ି௞ାଵ

𝑘
 

There are various types of Moving Averages:  
1. Simple Moving Average (SMA) 
2. Weighted Moving Average and  
3. Exponential Moving averages 

 
The most commonly used type is the Simple Moving Average (SMA), where all observations 
within the window receive equal weight. More advanced variants, such as Weighted and 
Exponential Moving Averages, assign greater importance to recent observations, but the 
simple moving average is typically used for introductory and diagnostic analysis. 
 
Example (Simple Moving Average): Consider the following monthly sales data (in units) 
for a product: 



Month Sales 

Jan 120 

Feb 130 

Mar 125 

Apr 140 

May 150 

Jun 160 

Compute a 3-month simple moving average and interpret the result. 
 
Solution:  
Step-by-Step Calculation 

● Moving Average for March:  𝑀𝐴ெ௔௥ =
ଵଶ଴ାଵଷ଴ାଵଶ

ଷ
=

ଷ଻ହ

ଷ
= 125 

 

● Moving Average for April: 𝑀𝐴஺௣௥ =
ଵଷ଴ାଵଶହାଵସ

ଷ
=

ଷଽହ

ଷ
≈ 131.67 

 

● Moving Average for May: 𝑀𝐴ெ௔௬ =
ଵଶହାଵସ଴ାଵହ଴

ଷ
=

ସଵହ

ଷ
≈ 138.33 

 

● Moving Average for June: 𝑀𝐴௃௨௡ =
ଵସ଴ାଵହ଴ାଵ଺଴

ଷ
=

ସହ଴

ଷ
= 150 

 
Moving Average Table 

Month Sales 3-Month Moving Average 

Jan 120 – 

Feb 130 – 

Mar 125 125.00 

Apr 140 131.67 

May 150 138.33 

Jun 160 150.00 

The 3-month moving averages smooth out short-term fluctuations in monthly sales and reveal 
a clear upward trend over time. While individual sales figures vary from month to month, the 
moving average steadily increases from 125 in March to 150 in June, indicating consistent 
growth in demand. This insight is valuable for predictive data analysis, as it suggests that future 
sales are likely to continue rising if current conditions remain unchanged. 
 
However, it is important to note that moving averages lag behind actual data, meaning they 
respond slowly to sudden changes. Therefore, while they are excellent for trend analysis and 
short-term forecasting, they may not capture abrupt shifts in the time series. 
 

Note: Moving averages are a foundational technique in time series analysis and predictive data 
analytics. They provide a simple yet powerful way to smooth data, identify trends, and support 
short-term forecasts. For data science students, understanding moving averages is essential 



before progressing to more advanced forecasting techniques such as exponential smoothing 
and ARIMA models. 

Weighted Moving Average:  

Weighted Moving Averages (WMA) in Time Series Analysis 

Weighted Moving Averages are an extension of simple moving averages and are widely used 
in time series analysis and predictive data analytics to smooth data while giving more 
importance to recent observations. They are especially useful when recent data points are 
believed to better reflect current patterns or future behavior. 

Definition of Weighted Moving Average 

A Weighted Moving Average (WMA) is defined as the average of a fixed number of 
consecutive observations in a time series, where different weights are assigned to each 
observation, typically giving higher weights to more recent data points. The sum of the 
weights is usually equal to 1 (or 100%). 

Mathematically, for a k-period weighted moving average: 

𝑊𝑀𝐴௧ =
𝑤ଵ𝑌௧ + 𝑤ଶ𝑌௧ିଵ + ⋯ + 𝑤௞𝑌௧ି௞ାଵ

𝑤ଵ + 𝑤ଶ + ⋯ + 𝑤௞
 

Where: 

● 𝑌௧, 𝑌௧ିଵ, …are observed values 

● 𝑤ଵ, 𝑤ଶ, … , 𝑤௞are the assigned weights 

● 𝑤ଵ > 𝑤ଶ > ⋯ > 𝑤௞in most practical cases 

Description of the Weighted Moving Average Method 

The weighted moving average method works by assigning unequal importance to 
observations within the moving window. Unlike simple moving averages, where each 
observation contributes equally, WMA reflects the belief that recent values are more relevant 
for understanding current trends. As the window moves forward in time, older observations 
drop out and newer ones enter the calculation with higher influence. 

Weighted moving averages are particularly useful when: 

● Recent data is more indicative of future behavior 

● The time series shows gradual changes rather than abrupt shifts 

● Short-term forecasting is required 

However, selecting appropriate weights requires judgment and domain knowledge, making 
WMA slightly more complex than simple moving averages. 

 

 



Example: Consider the following monthly demand data for a product: 

Month Demand 

Jan 100 

Feb 110 

Mar 105 

Apr 120 

May 130 
Compute a 3-month weighted moving average using the following weights: 

● Most recent month = 3 

● Second recent month = 2 

● Third recent month = 1 

Step-by-Step Calculation 

Weighted Moving Average for April 

𝑊𝑀𝐴஺௣௥ =
3(120) + 2(105) + 1(110)

3 + 2 + 1
=

360 + 210 + 110

6
=

680

6
≈ 113.33 

Weighted Moving Average for May 

 

𝑊𝑀𝐴ெ௔௬ =
3(130) + 2(120) + 1(105)

6
=

390 + 240 + 105

6
=

735

6
= 122.50 

Weighted Moving Average Table 

Month Demand 3-Month WMA 

Jan 100 – 

Feb 110 – 

Mar 105 – 

Apr 120 113.33 

May 130 122.50 

Interpretation of the Outcome 

The weighted moving averages smooth out irregular month-to-month fluctuations while 
responding more quickly to recent increases in demand compared to a simple moving 
average. For example, although demand jumps from 120 in April to 130 in May, the WMA 
reflects this upward trend more strongly because higher weight is assigned to recent months. 
This makes WMA particularly suitable for short-term forecasting and trend monitoring in 
predictive data analysis. 



However, like all moving average methods, WMA still lags behind actual values and may not 
respond immediately to sudden structural changes or shocks in the data. 

Thus, it may be concluded that the Weighted moving averages provide a balance between 
simplicity and responsiveness in time series analysis. By assigning greater importance to recent 
observations, they offer improved smoothing and better short-term predictive insight than 
simple moving averages. For data science students, WMA serves as an important stepping 
stone toward more advanced forecasting methods such as exponential smoothing and ARIMA 
models. 

Note: Exponential Smoothing and Exponential Moving Average (EMA) are closely related but 
not exactly the same. They are often used interchangeably in practice, but technically they 
differ in purpose and formulation. EMA is mainly used for smoothing historical data, whereas 
exponential smoothing is used as a forecasting technique in predictive data analysis. 

☞ Check Your Progress 3 

Q1. What is Time Series Analysis? Why is it important in Predictive Data Analysis? 

………………………………………………………………………………………………………………………
……………………………………………………………………………………………………………………… 

Q2. Explain the components of a Time Series. 

………………………………………………………………………………………………………………………
……………………………………………………………………………………………………………………… 

Q3. What is Moving Average in Time Series Analysis? Explain its purpose with an example. 

………………………………………………………………………………………………………………………
……………………………………………………………………………………………………………………… 

3.3.3 CLASSIFICATION 

 Classification is one of the most widely used techniques in Predictive Data Analysis. It is a 
supervised learning approach in which a model is trained using a labelled dataset to predict the 
category or class of new observations. In classification problems, the target variable is 
categorical, meaning it represents predefined classes such as yes/no, fraud/not fraud, spam/not 
spam, or high/medium/low risk. The objective of classification is to learn patterns from 
historical data so that the model can accurately assign new data points to the appropriate class. 
This technique is widely applied in areas such as medical diagnosis, credit risk analysis, 
customer churn prediction, fraud detection, and email spam filtering. 
 
The classification process generally involves several stages, including data collection, 
preprocessing, feature selection, model training, evaluation, and prediction. During 
preprocessing, missing values, noise, and inconsistencies in the dataset are handled to improve 
data quality. Feature selection or feature engineering is then used to identify the most relevant 
variables that influence the prediction outcome. Once the data is prepared, a classification 



algorithm is trained on historical data to learn relationships between the input features and the 
target class. The trained model is later used to classify unseen data and generate predictions. 
 
Several classification techniques are commonly used in predictive analytics. Decision Trees 
are one of the most intuitive approaches, where the data is divided into branches based on 
feature values, leading to a final classification decision. Logistic Regression is another popular 
method that estimates the probability of a binary outcome using a logistic function. Naïve 
Bayes, based on Bayes’ theorem, is widely used in text classification and spam filtering 
because of its efficiency and ability to handle large datasets. K-Nearest Neighbours (KNN) 
classifies data points by comparing them with the closest training examples in the feature space. 
Advanced classification techniques include Support Vector Machines (SVM) and Artificial 
Neural Networks (ANNs). SVM works by identifying the optimal hyperplane that separates 
different classes with the maximum margin, making it effective for high-dimensional data. 
Neural networks, particularly deep learning models, can learn complex patterns and nonlinear 
relationships in large datasets. These models are widely used in applications such as image 
recognition, speech processing, and predictive maintenance. 
 
Another important concept in classification is model evaluation. To ensure that a classification 
model performs well, several evaluation metrics are used, such as accuracy, precision, recall, 
F1-score, and confusion matrix. Accuracy measures the overall correctness of predictions, 
while precision and recall provide deeper insights into the model’s ability to correctly identify 
specific classes. In many predictive analytics tasks, especially those involving imbalanced 
datasets, relying solely on accuracy may not be sufficient, and other metrics become crucial for 
proper evaluation. 
 
We learned that Classification is a fundamental technique in predictive data analysis used to 
assign observations into predefined categories or classes based on historical data. It belongs to 
the family of supervised learning methods, where a predictive model is trained using labeled 
datasets and then used to classify new, unseen data. The objective of classification is to learn a 
mapping between input features (independent variables) and target classes (dependent 
variables). Common applications include fraud detection, medical diagnosis, credit scoring, 
spam filtering, and customer churn prediction. Several algorithms are used for classification; 
among the most widely used are Naïve Bayes, Logistic Regression, and Decision Trees. 
 
Now, we will discuss these fundamental algorithms, let's begin with the Naïve Bayes. 
 
Naïve Bayes is a probabilistic classification technique based on Bayes’ Theorem. It assumes 
that the predictors (features) are conditionally independent given the class label. Despite this 
simplifying assumption, the method performs well in many real-world problems, particularly 
in text classification and spam filtering. 
The classifier calculates the posterior probability of each class and assigns the class with the 
highest probability. 

Formula: 𝑃(𝐴 ∣ 𝐵) =
௉(஺)⋅௉(஻∣஺)

௉(஻)
 



Where, 
● 𝑃(𝐴 ∣ 𝐵): Posterior probability (probability of A given B) 
● 𝑃(𝐴): Prior probability (initial belief about A) 
● 𝑃(𝐵 ∣ 𝐴): Likelihood (probability of observing B if A is true) 
● 𝑃(𝐵): Evidence (overall probability of B) 

 
Note: Posterior probability is the probability of an event or hypothesis after considering new 
evidence. Further, we need to understand the difference between Prior & Posterior 
probabilities, Prior probability is your initial belief but the posterior probability is your belief 
after evidence. Also, posterior probability changes as new data arrives, making it more 
realistic than static probabilities, and it allows continuous learning and updating of models. 
 
Example 
Imagine a forest with 20% oak trees and 80% maple trees. 

● Prior probability: 𝑃(𝑂𝑎𝑘) = 0.2 
● Suppose you observe a leaf shape that is 90% likely if oak and 10% likely if maple. 
● Posterior probability of the tree being oak given the leaf shape: 

𝑃(𝑂𝑎𝑘 | 𝐿𝑒𝑎𝑓) =
0.2 ⋅ 0.9

(0.2 ⋅ 0.9) + (0.8 ⋅ 0.1)
= 0.69 

So, after seeing the leaf, the probability of the tree being oak rises from 20% to 69% 

Let’s, attempt one more example, exhibiting Email Spam Classification by using Naïve 
Bayes classification. 

Example: Consider a binary classification problem where an email must be classified as 
Spam or Not Spam. 

● Prior probabilities: 𝑃(𝑆𝑝𝑎𝑚) = 0.4, 𝑃(𝑁𝑜𝑡 𝑆𝑝𝑎𝑚) = 0.6. 
● Likelihoods: 

o 𝑃(“𝑑𝑖𝑠𝑐𝑜𝑢𝑛𝑡” ∣ 𝑆𝑝𝑎𝑚) = 0.7 
o 𝑃(“𝑑𝑖𝑠𝑐𝑜𝑢𝑛𝑡” ∣ 𝑁𝑜𝑡 𝑆𝑝𝑎𝑚) = 0.1 

Using Bayes’ theorem, calculate the posterior probability that an email is Spam given that it 
contains the word “discount”. Based on your calculation, state the class label assigned to the 
email. 

Solution: Here, we want to classify an email as Spam or Not Spam based on the presence of 
the word “discount”. 

Step 1: Prior Probabilities 

● 𝑃(𝑆𝑝𝑎𝑚) = 0.4(40% of emails are spam) 
● 𝑃(𝑁𝑜𝑡 𝑆𝑝𝑎𝑚) = 0.6 



Step 2: Likelihoods 

● 𝑃(“𝑑𝑖𝑠𝑐𝑜𝑢𝑛𝑡” ∣ 𝑆𝑝𝑎𝑚) = 0.7(70% of spam emails contain “discount”) 
● 𝑃(“𝑑𝑖𝑠𝑐𝑜𝑢𝑛𝑡” ∣ 𝑁𝑜𝑡 𝑆𝑝𝑎𝑚) = 0.1 

Step 3: Evidence 

𝑃(“𝑑𝑖𝑠𝑐𝑜𝑢𝑛𝑡”) = (0.4 ⋅ 0.7) + (0.6 ⋅ 0.1) = 0.28 + 0.06 = 0.34 

Step 4: Posterior Probabilities 

● For Spam: 

𝑃(𝑆𝑝𝑎𝑚 | “𝑑𝑖𝑠𝑐𝑜𝑢𝑛𝑡”) =
0.4 ⋅ 0.7

0.34
=

0.28

0.34
≈ 0.82 

● For Not Spam: 

𝑃(𝑁𝑜𝑡 𝑆𝑝𝑎𝑚 | “𝑑𝑖𝑠𝑐𝑜𝑢𝑛𝑡”) =
0.6 ⋅ 0.1

0.34
=

0.06

0.34
≈ 0.18 

The interpretation of the results says that before seeing the word “discount,” we thought 40% 
of emails were spam. But, after seeing “discount,” the posterior probability jumps to 82% spam. 
The classifier would label this email as Spam. 

Now, we are going to extend our discussion to Logistic regression as the next classification 
technique. 

Logistic Regression is a widely used classification technique that models the probability of a 
binary outcome using the logistic (sigmoid) function. Unlike linear regression, which predicts 
continuous values, logistic regression predicts probabilities between 0 and 1, which are then 
converted into class labels. 

The logistic regression probability function can be written properly as: 

𝑃(𝑌 = 1 ∣ 𝑋) =
1

1 + 𝑒ି(ఉబାఉభ௑)
 

Where,  

● 𝑃(𝑌 = 1 ∣ 𝑋)→ Probability that the dependent variable 𝑌equals 1 given predictor 𝑋 

● 𝛽଴→ Intercept (constant term) 
● 𝛽

ଵ
→ Coefficient of the predictor variable 

● 𝑋→ Independent variable 

● 𝑒→ Euler’s number (≈ 2.718) 



Note: This equation converts the linear combination ൫𝛽
ଵ

𝑋൯into a probability value between 0 

and 1 using the sigmoid (logistic) function. If the resulting probability is greater than a 
threshold (commonly 0.5), the observation is classified as Class 1, otherwise Class 0. 

Further, in theoretical discussions of Logistic Regression within Predictive Data Analysis, 
the model is often expressed in terms of log-odds (logit form) rather than the probability 
form. As per, the Log-Odds (Logit) Form of Logistic Regression formula : 

𝑙𝑜𝑔 ൬
𝑃(𝑌 = 1 ∣ 𝑋)

1 − 𝑃(𝑌 = 1 ∣ 𝑋)
൰ = 𝛽଴ + 𝛽ଵ𝑋 

where, 

● 𝑃(𝑌 = 1 ∣ 𝑋)→ Probability that the dependent variable 𝑌 = 1given predictor 𝑋 

● 1 − 𝑃(𝑌 = 1 ∣ 𝑋)→ Probability that 𝑌 = 0 

● 
௉(௒ୀଵ∣௑)

ଵି௉(௒ୀଵ∣௑)
→ Odds of the event occurring 

● 𝑙𝑜𝑔 𝑙𝑜𝑔 ቀ
𝑃

1−𝑃
ቁ → Log-odds (logit transformation) 

● 𝛽
଴
→ Intercept (constant term) 

● 𝛽
ଵ
→ Coefficient of predictor 𝑋 

Note: It can be observed that the Logistic regression assumes that the log-odds of the outcome 
are linearly related to the predictors. Further, A one-unit increase in 𝑋changes the log-odds of 

the event by 𝛽
ଵ
, and the Exponentiating the coefficient gives the odds ratio: 𝑒ఉభ which 

represents how the odds of the outcome change for a one-unit increase in 𝑋. 

Also, we need to understand, Why Logit Form is Used? Actually it converts probabilities                

(0–1 range) into unbounded values (-∞ to +∞), and allows the 

relationship between predictors and the response variable to be 

modelled linearly. Also, it makes parameter estimation easier using Maximum 

Likelihood Estimation (MLE). 

Example: Suppose a logistic regression model predicts whether a student will Pass (1) or 
Fail (0) based on hours of study, the given Model equation is  𝑧 = −3 + 0.8𝑋 

Solution: For a student studying 5 hours, 𝑧 = −3 + 0.8(5) = −3 + 4 = 1 
Thus, based on the logistic regression probability function:  

𝑃(𝑌 = 1 ∣ 𝑋) =
1

1 + 𝑒ି(ఉబାఉభ௑)
 

 hence, the Probability: 



𝑃 =
1

1 + 𝑒ିଵ
𝑃 ≈ 0.731 

It can be interpreted from the results that the probability of passing is 0.731 (73.1%). Since the 
probability is greater than 0.5, the model predicts that the student will pass. Thus, logistic 
regression converts predictor variables into probabilities and classifies observations based on 
a decision threshold. 

Now we are going to discuss the Decision Tree classification, the Decision Tree Classification 
is a tree-structured classification model where decisions are made through a series of 
hierarchical rules. The dataset is recursively split based on features that provide the maximum 
information gain or minimum impurity. 
Decision Trees use metrics such as Entropy and Information Gain to determine the best 
split. The Entropy formula used in Decision Tree classification (information theory) can be 
written properly as: 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) = − ෍  

௡

௜ୀଵ

𝑝௜𝑙𝑜𝑔 ଶ(𝑝௜) 

Where, 

● 𝑆→ The dataset or sample under consideration 

● 𝑛→ Number of classes in the dataset 
● 𝑝௜→ Probability of occurrence of class 𝑖in dataset 𝑆 

● 𝑙𝑜𝑔 ଶ→ Logarithm to base 2 

Note: Entropy measures the degree of impurity or uncertainty in the dataset. Entropy = 0 
implies that the Dataset is perfectly pure (all observations belong to one class), and Entropy = 
1 (for binary classification) implies Dataset is maximally impure (classes equally distributed). 
This measure is used in Decision Tree algorithms (like ID3, C4.5) to select the best attribute 
for splitting the data through Information Gain,  

𝐺𝑎𝑖𝑛(𝑆, 𝐴) = 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) − ∑
∣ 𝑆௩ ∣

∣ 𝑆 ∣
𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆௩) 

Where 
● 𝑆= dataset 
● 𝐴= attribute 
● 𝑆௩= subset after split 

 
Example: Suppose we classify whether a person plays tennis based on weather. 

Weather Play 

Sunny No 

Sunny No 

Overcast Yes 

Rain Yes 
Solution :  



 
Step 1: Calculate Entropy: Entropy of the whole dataset 

There are 4 records in total: 
● Yes = 2 
● No = 2 

So, 

𝑝(𝑌𝑒𝑠) =
2

4
= 0.5𝑝(𝑁𝑜) =

2

4
= 0.5 

Using the entropy formula: 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) = − ෍  

௡

௜ୀଵ

𝑝௜𝑙𝑜𝑔 ଶ(𝑝௜)𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) = −(0.5𝑙𝑜𝑔 ଶ 0.5) 

Since, 
𝑙𝑜𝑔 ଶ 0.5 = −1𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) = −(0.5(−1) + 0.5(−1))𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆)

= −(−0.5 − 0.5)𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) = 1 

Step 2: Calculate Entropy after Split on Weather: Now split the dataset by the attribute 
Weather. 

a) Sunny 
Records: 

Weather Play 

Sunny No 

Sunny No 

Here: 
● Yes = 0 
● No = 2 

𝑝(𝑌𝑒𝑠) = 0, 𝑝(𝑁𝑜) = 1𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆𝑢𝑛𝑛𝑦) = −(1𝑙𝑜𝑔 ଶ 1) = 0 

b) Overcast 
Records: 

Weather Play 

Overcast Yes 

Here: 
● Yes = 1 
● No = 0 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑂𝑣𝑒𝑟𝑐𝑎𝑠𝑡) = 0 

c) Rain 
Records: 

Weather Play 

Rain Yes 

Here: 
● Yes = 1 



● No = 0 
𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑅𝑎𝑖𝑛) = 0 

Step 3 : Weighted Entropy after split 
Formula: 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 𝑎𝑓𝑡𝑒𝑟 𝑠𝑝𝑙𝑖𝑡 = ∑
∣ 𝑆௩ ∣

∣ 𝑆 ∣
𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆௩) 

Here: 
● Sunny subset size = 2 
● Overcast subset size = 1 
● Rain subset size = 1 
● Total size = 4 

So, 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 𝑎𝑓𝑡𝑒𝑟 𝑠𝑝𝑙𝑖𝑡 =
2

4
(0) +

1

4
(0) +

1

4
(0)𝐸𝑛𝑡𝑟𝑜𝑝𝑦 𝑎𝑓𝑡𝑒𝑟 𝑠𝑝𝑙𝑖𝑡 = 0 

 
Step 4: calculate the Information Gain:  
Formula: 

𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝐺𝑎𝑖𝑛(𝑆, 𝑊𝑒𝑎𝑡ℎ𝑒𝑟) = 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) − 𝐸𝑛𝑡𝑟𝑜𝑝𝑦 𝑎𝑓𝑡𝑒𝑟 𝑠𝑝𝑙𝑖𝑡 

Substituting the values we get: 
𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝐺𝑎𝑖𝑛(𝑆, 𝑊𝑒𝑎𝑡ℎ𝑒𝑟) = 1 − 0 = 1 

The results can be interpreted as follows: 
 

From the calculations, the entropy of the original dataset was found to be 1, which 
indicates maximum uncertainty. This occurs because the dataset contains an equal 
number of positive and negative outcomes (2 Yes and 2 No). In such a situation, it is 
difficult to predict the class of a new observation without using additional attributes. 
When the dataset is split using the attribute Weather, each resulting subset becomes 
perfectly pure. The Sunny subset contains only “No” outcomes, while both Overcast 
and Rain subsets contain only “Yes” outcomes. Because each subset contains 
observations from only one class, the entropy of each subset becomes 0, meaning there 
is no uncertainty within those groups. 
 

The weighted entropy after the split is therefore 0, since all 

subsets are perfectly pure. When this value is substituted into 

the information gain formula, the Information Gain = 1 − 0 = 1. 

This is the maximum possible information gain, indicating that 

the attribute Weather completely removes uncertainty from 

the dataset. 

 



The result implies that Weather is the most informative attribute for predicting whether 
a person will play tennis in this example. In decision tree construction, the attribute 
with the highest information gain is selected as the root node, so Weather would be 
chosen as the first splitting criterion in the decision tree. 
 

Overall, the analysis shows that the Weather attribute perfectly separates the classes, 
producing a fully accurate classification rule for this dataset. In practical predictive data 
analysis problems, such perfect splits are rare; however, the same principle is applied to select 
the attribute that most effectively reduces uncertainty at each step of the decision tree. 
 
It can be concluded that the Weather attribute perfectly classifies the dataset, resulting in zero 
entropy after the split. Therefore, the decision tree will use Weather as the root node, allowing 
clear classification of future observations. Here, the original dataset has entropy 1, which 
means it is fully impure / uncertain. Now, after splitting on Weather, entropy becomes 0, which 
means each subset is perfectly pure. Therefore, Weather is an ideal attribute for splitting this 
dataset 𝑊𝑒𝑎𝑡ℎ𝑒𝑟 𝑝𝑒𝑟𝑓𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑠 𝑤ℎ𝑒𝑡ℎ𝑒𝑟 𝑡ℎ𝑒 𝑝𝑒𝑟𝑠𝑜𝑛 𝑝𝑙𝑎𝑦𝑠 𝑡𝑒𝑛𝑛𝑖𝑠 𝑜𝑟 𝑛𝑜𝑡. 
 
With this we are going to conclude this section, here we learned that classification plays a 
critical role in predictive data analysis by enabling organizations to make informed decisions 
based on historical data patterns. By applying appropriate classification algorithms and 
evaluation techniques, predictive models can effectively categorize future observations and 
support decision-making processes in fields such as business analytics, healthcare, finance, and 
cybersecurity. As datasets continue to grow in size and complexity, classification techniques 
combined with modern machine learning approaches will remain a key component of 
predictive analytics systems. 
 
Now we are going to extend our discussion to next topic, “Clustering” 
 

☞ Check Your Progress 4 

Q1. What is Classification in Predictive Data Analysis? Explain its key characteristics.  

………………………………………………………………………………………………………………………
……………………………………………………………………………………………………………………… 

Q2. Explain the steps involved in the classification process. 

………………………………………………………………………………………………………………………
……………………………………………………………………………………………………………………… 

Q3. Discuss any two classification algorithms with examples. 

………………………………………………………………………………………………………………………
……………………………………………………………………………………………………………………… 



3.3.4 CLUSTERING  

Clustering is an important technique used in predictive data analysis to group similar data 
points into clusters based on shared characteristics or patterns. Unlike classification, clustering 
is an unsupervised learning method, meaning that it does not rely on predefined class labels. 
Instead, it identifies natural groupings within the dataset by measuring similarities or distances 
between observations. The main objective of clustering is to discover hidden structures in large 
datasets, which can help analysts understand patterns, segment data, and support decision-
making processes in fields such as marketing, healthcare, finance, and social sciences. 

In predictive analytics, clustering is often used as a preliminary data exploration technique. By 
grouping similar observations together, analysts can identify patterns that may not be 
immediately visible in raw data. For example, businesses frequently use clustering to perform 
customer segmentation, where customers with similar purchasing behaviors, preferences, or 
demographics are grouped together. These clusters can then be used to design targeted 
marketing strategies, predict customer behavior, or improve service personalization. Similarly, 
clustering is applied in fraud detection, document classification, and image analysis to identify 
meaningful patterns in complex datasets. 

Several clustering techniques are commonly used in predictive data analysis. One of the most 
widely used methods is K-Means clustering, which partitions the dataset into a predefined 
number of clusters (k). The algorithm works by assigning data points to the nearest cluster 
centroid and iteratively updating the centroid positions until the clusters stabilize. K-Means is 
computationally efficient and works well for large datasets, although it requires the number of 
clusters to be specified in advance and may be sensitive to initial centroid selection. 

Another important clustering approach is Hierarchical Clustering, which builds a hierarchy of 
clusters either by progressively merging smaller clusters (agglomerative approach) or by 
dividing larger clusters into smaller ones (divisive approach). This technique produces a 
dendrogram, a tree-like diagram that illustrates the relationships between clusters at different 
levels of similarity. Hierarchical clustering is particularly useful when the number of clusters 
is unknown, as it allows analysts to visualize the cluster structure and choose an appropriate 
level of grouping. 

A more advanced clustering technique is Density-Based Spatial Clustering of Applications 
with Noise (DBSCAN). Unlike K-Means, DBSCAN identifies clusters based on the density of 
data points rather than distance to centroids. It is especially effective for detecting clusters of 
arbitrary shapes and for identifying outliers or noise points in the dataset. Because of these 
characteristics, DBSCAN is widely used in applications such as geographic data analysis, 
anomaly detection, and network intrusion detection. 

In this section we are going to discuss one of the most widely used clustering algorithms is K-
Means clustering. The primary objective of the K-Means algorithm is to partition a dataset 
into K distinct clusters, where each data point belongs to the cluster whose centroid (mean 
point) is closest to it. The algorithm works iteratively by first selecting initial centroids, 



assigning each observation to the nearest centroid, and then recalculating the centroid of each 
cluster until the assignments stabilize. This process minimizes the variation within each cluster 
and ensures that similar observations are grouped together. 

The basic Characteristics of K-Means are:  

1. First, it is computationally efficient and works well with large datasets, making it 
widely used in predictive analytics.  

2. Second, the algorithm requires the number of clusters 𝑘to be specified beforehand, 
which may sometimes require experimentation or techniques such as the Elbow Method 
to determine the optimal number of clusters.  

3. Third, K-Means performs best when clusters are spherical and similar in size, as it relies 
on distance-based calculations.  

4. Finally, the algorithm is sensitive to the initial selection of centroids, which can affect 
the final clustering result. 

The Mathematical Formulation of K-Means states that the K-Means algorithm minimizes the 
within-cluster sum of squares (WCSS), also known as the clustering objective function.The K-
Means objective function (Within-Cluster Sum of Squares) can be written properly as: 

𝐽 = ෍  

௞

௜ୀଵ

෍  

 

௫∈஼೔

∥ 𝑥 − 𝜇௜ ∥ଶ 

Where,  

● 𝐽→ Objective function (total within-cluster variance) 
● 𝑘→ Number of clusters 
● 𝐶௜→ Set of data points belonging to cluster 𝑖 
● 𝑥→ A data point in cluster 𝐶௜ 

● 𝜇௜→ Centroid (mean) of cluster 𝑖 
● ∥ 𝑥 − 𝜇𝑖 ∥2→ Squared Euclidean distance between the data point and its cluster 

centroid 

Note: The K-Means algorithm tries to minimize 𝐽. This means it aims to place data points into 
clusters such that the distance between each point and its cluster centroid is as small as possible, 
resulting in compact and well-separated clusters. 

The Euclidean distance commonly used to measure similarity between points is: 

𝑑(𝑥, 𝑦) = ඩ෍  

௡

௝ୀଵ

(𝑥௝ − 𝑦௝)ଶ 



This distance measure helps determine which centroid a data point should belong to during the 
clustering process. 

Let’s understand K-Means algorithm with an Example, given below: 

Example: Consider a simple dataset representing customer purchasing behavior based on two 
variables: Annual Spending Score and Income Level. Suppose the following four data points 
are observed: 

Customer Income (X) Spending Score (Y) 

A 1 1 

B 1.5 2 

C 5 6 

D 6 7 

Assume we want to divide the dataset into K = 2 clusters. 

Solution:  

Step 1: Determine Initial Centroids 
Let the initial centroids be: 

𝐶ଵ = (1,1)     ,       𝐶ଶ = (5,6) 

Step 2: Calculate Distance between Each Point and Centroids 
Example for point B (1.5,2): 

Distance to 𝐶ଵ: 

𝑑 = ඥ(1.5 − 1)ଶ + (2 − 1)ଶ𝑑 = √0.25 + 1 = √1.25 ≈ 1.118 

Distance to 𝐶ଶ: 

𝑑 = ඥ(1.5 − 5)ଶ + (2 − 6)ଶ𝑑 = √12.25 + 16 = √28.25 ≈ 5.31 

Thus, point B belongs to Cluster 1. 
Applying the same calculations to all points gives: 

Cluster 1 → A, B 
Cluster 2 → C, D 

 
Step 3: Recalculate Centroids 

Cluster 1 centroid: 

𝜇ଵ = ൬
1 + 2

2
൰ 𝜇ଵ = (1.25,1.5) 

Cluster 2 centroid: 

𝜇ଶ = ൬
6 + 7

2
൰ 𝜇ଶ = (5.5,6.5) 



Since the assignments remain the same after re-computation, the algorithm converges. 

It can be Interpretated from the Results that The final clustering divides the dataset into two 
meaningful groups. Cluster 1 contains customers with lower income and lower spending scores 
(A and B), while Cluster 2 contains customers with higher income and higher spending scores 
(C and D). This indicates that the algorithm successfully identified two natural customer 
segments. In predictive data analysis, such clustering results can be used for applications such 
as customer targeting, personalized marketing strategies, and behavioural analysis, where 
businesses design different strategies for different customer groups. 

We learned that the K-Means clustering is a powerful unsupervised learning technique widely 
used in predictive data analysis to identify hidden patterns in datasets. By minimizing the 
within-cluster variance and grouping similar observations together, the algorithm enables 
analysts to discover meaningful structures within data. When combined with other analytical 
techniques, clustering helps organizations better understand their data, improve prediction 
models, and support data-driven decision-making. 

Finally the unit concludes with the understanding that clustering plays a significant role in 
predictive data analysis by enabling the discovery of meaningful patterns and relationships 
within unlabelled datasets. Techniques such as K-Means, Hierarchical Clustering, and 
DBSCAN provide different approaches for grouping data depending on the structure and 
complexity of the dataset. By applying clustering methods, organizations can gain valuable 
insights, enhance predictive models, and support data-driven decision making across various 
domains. 

☞ Check Your Progress 5 

Q1. What is Clustering in Predictive Data Analysis? Explain its purpose 

.……………………………………………………………………………………………………………………
……………………………………………………………………………………………………………………… 

Q2. Differentiate between Classification and Clustering. 

………………………………………………………………………………………………………………………
……………………………………………………………………………………………………………………… 

Q3. Explain the role of clustering in predictive data analysis with an example. 

………………………………………………………………………………………………………………………
……………………………………………………………………………………………………………………… 

3.4  SUMMARY  

This unit focused on the concepts of Predictive Data Analysis, which represents an important 
stage in the broader continuum of data analytics that includes descriptive, diagnostic, 
predictive, and prescriptive analysis. While descriptive and diagnostic analytics help 
understand past data and identify the reasons behind observed outcomes, predictive analysis 
aims to answer the question “What is likely to happen in the future?” by using historical 
data, statistical techniques, and machine learning models. This unit explains how predictive 



models identify patterns, trends, and relationships within data and use them to forecast future 
outcomes. Key techniques discussed in the unit include Regression Analysis, Time Series 
Analysis, Classification, and Clustering, which together form the foundation of predictive 
modelling in data science. These methods enable organizations to anticipate trends, estimate 
future values, and support proactive decision-making in areas such as business forecasting, 
healthcare analysis, financial modelling, and customer behaviour prediction.  
 
The unit further explains each predictive technique in detail. Regression analysis is used to 
model relationships between variables and predict continuous outcomes such as sales or prices. 
Time series analysis focuses on data collected over time and identifies patterns such as trends, 
seasonality, and cycles to forecast future values. Classification techniques, including Naïve 
Bayes, Logistic Regression, and Decision Trees, are used to assign observations to predefined 
categories based on learned patterns from historical data. In contrast, clustering is an 
unsupervised learning technique that groups similar data points together to uncover hidden 
patterns and segments within datasets. Through these methods, predictive data analysis 
transforms historical information into actionable insights, allowing analysts and organizations 
to build models that anticipate future behaviour and improve data-driven decision-making.  

 

3.5   SOLUTIONS/ANSWERS 

☞ Check Your Progress 1 

Q1. Explain the continuum of data analytics from descriptive to prescriptive analysis. 
Solution : Refer to section 3.1 & 3.3 
Q2. What is Predictive Data Analysis? How does it differ from descriptive and diagnostic 
analysis? 
Solution: Refer to section 3.1 & 3.3 
Q3. List and briefly explain the main techniques used in Predictive Data Analysis. 
Solution: Refer to section 3.1 & 3.3 
 

☞ Check Your Progress 2 
Q1. What is Regression Analysis? Explain its role in Predictive Data Analysis 
Solution: Refer to section 3.3.1 
Q2. Differentiate between Simple Linear Regression and Multiple Linear Regression 
Solution: Refer to section 3.3.1 
Q3. Explain Logistic Regression and Polynomial Regression with their use cases 
Solution: Refer to section 3.3.1 
 

☞ Check Your Progress 3 

Q1. What is Time Series Analysis? Why is it important in Predictive Data Analysis? 
Solution: Refer to section 3.3.2 
Q2. Explain the components of a Time Series. 
Solution: Refer to section 3.3.2 



Q3. What is Moving Average in Time Series Analysis? Explain its purpose with an 
example. 
Solution: Refer to section 3.3.2 
 

☞ Check Your Progress 4 

Q1. What is Classification in Predictive Data Analysis? Explain its key characteristics.  
Solution: Refer to section 3.3.3 
Q2. Explain the steps involved in the classification process. 
Solution: Refer to section 3.3.3 
Q3. Discuss any two classification algorithms with examples. 
Solution: Refer to section 3.3.3 

 

☞ Check Your Progress 5 

Q1. What is Clustering in Predictive Data Analysis? Explain its purpose 
Solution: Refer to section 3.3.4 
Q2. Differentiate between Classification and Clustering. 
Solution: Refer to section 3.3.4 
Q3. Explain the role of clustering in predictive data analysis with an example. 
Solution: Refer to section 3.3.4 
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