
Contingency Tables and Introduction to Stats









Structured Query Language
Relational DB
Filtering rows & columns
Querying using SQL







Elementary Matrix Operations













Sieve of Eratosthenes 





































Logistic Regression

2 types of predictions — Continuous & Categorical  

























Goal of dimensionality reduction is to discover the axis of data!

Rather than representing every point 
with 2 coordinates we represent each 
point with 1 coordinate 

Dimensionality Reduction
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Data Driven Consumer Analytics at Superstore 
 
Superstore is a multinational groceries and general merchandise retailer headquartered in 
Garden City, England. Shops of Superstore are larger, mainly out-of-town hypermarkets that 
stock nearly all product ranges, although some are in the heart of town centers and inner-city 
locations. Recently they have started a home shopping service through their website. 
Superstore observed a significant growth by opening the website operations. 
 

 

 
Figure 1 Revenue & Profit (in £ millions) 

According to NY Bank retail analyst, "Superstore has pulled off a trick (online store) that I'm 
not aware of any other retailer had thought earlier". However due to internet penetration & 
democratization, many competitors supermarket chains have opened their website operations 
and this is driving lots of consumer leaving for other competing stores. This is known as 
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consumer churn. Formally, Churn is the phenomenon where customers of a business no 
longer purchase or interact with the business.  
 
 

 
Figure 2 Market Share 

 
Superstore consulted the MBB management consulting firm to help with their falling market 
share. MBB remarked “Superstore has plenty of consumer data. It is now imperative to use 
a data driven strategy to define a marketing campaign”.  
 
You joined the company in the aftermath of the adaptation of a standardized solution that the 
consulting company suggested, and are tasked with defining data driven marketing 
campaign to mediate consumer attrition.  
 
Your fundamental task is to ---  

1. Understand the consumer base according to purchase & spending patterns and call 
out any specific trends/spikes. 

2. Group your customers into high engaged, mid and low engaged. (Hint: There is a very 
intuitive RFM framework. See more details in Appendix 1.) 

3. Build a data driven mechanism to identify which customers are likely to churn. 
4. You are also given £25000 to spend for marketing campaigns. You would like to give 

some coupons as incentive for the customers to perform their next transaction (hence 
reducing the churn).  Which all customers would you like to target.  

 
 
Here is the purchase transaction data containing 540k rows  
https://github.com/vntkumar8/musical-spoon/raw/main/Online%20Retail.xlsx  
 
Snapshot of data 
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Appendix 1 
 
RFM Segmentation   
RFM segmentation is a method to identify groups of customers for special treatment. 
It is used as a tool to improve customer marketing. 
 
What is RFM Segmentation? 
RFM analysis allows marketers to target specific clusters of customers with 
communications that are much more relevant for their particular behavior – and thus 
generate much higher rates of response, plus increased loyalty and customer lifetime 
value. Like other segmentation methods, an RFM model is a powerful way to identify 
groups of customers for special treatment. RFM stands for recency, frequency and 
monetary – more about each of these shortly. Marketers typically have extensive data 
on their existing customers – such as purchase history, browsing history, prior 
campaign response patterns and demographics – that can be used to identify specific 
groups of customers that can be addressed with offers very relevant to each. 
 
While there are countless ways to perform segmentation, RFM analysis is popular for 
three reasons: 

• It utilizes objective, numerical scales that yield a concise and informative high-
level depiction of customers. 

• It is simple – marketers can use it effectively without the need for data scientists 
or sophisticated software. 

• It is intuitive – the output of this segmentation method is easy to understand 
and interpret. 

 
What are Recency, Frequency and Monetary? 
Underlying the RFM segmentation technique is the idea that marketers can gain an 
extensive understanding of their customers by analyzing three quantifiable factors. 
These are: 
 

• Recency: How much time has elapsed since a customer’s last activity or 
transaction with the brand? Activity is usually a purchase, although variations 
are sometimes used, e.g., the last visit to a website or use of a mobile app. In 
most cases, the more recently a customer has interacted or transacted with a 
brand, the more likely that customer will be responsive to communications from 
the brand. 

• Frequency: How often has a customer transacted or interacted with the brand 
during a particular period of time? Clearly, customers with frequent activities 
are more engaged, and probably more loyal, than customers who rarely do so. 
And one-time-only customers are in a class of their own. 

• Monetary: Also referred to as “monetary value,” this factor reflects how much 
a customer has spent with the brand during a particular period of time. Big 
spenders should usually be treated differently than customers who spend little. 
Looking at monetary divided by frequency indicates the average purchase 
amount – an important secondary factor to consider when segmenting 
customers. 

 
YouTube tutorial: https://youtu.be/i-HNJZeOOMY 
 









Simple/single exponential smoothing: This smoothing can be used for making forecasts based 
in a time series that has no trend and seasonality. Simple exponential smoothing does not do 
well when there is a trend in the data.  Double exponential smoothing: This type of exponential 
smoothing comes with the support for trend components of time series.
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