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TRENDHUB CASE ON RFM

Now, we are going to see a live case, which is a case of customer segmentation that we
are going to do using RFM. So we are going to club the customers as per their RFM
scores. Initially we are going to see how to calculate the R,F,M values. So calculation of
RFM and R,F,M values can be done through various methods or various sources, like we
can calculate using simple Excel calculations or it can be done through SQL queries or it
can be done through programming using Python or R etc.

So basically what we are doing is, we are extracting the recency score, frequency score,
monetary score of each customer. Then we are scaling it because that is how, you know
if we are giving to a clustering algorithm to cluster the customers, then it might, it will
perform very efficiently only if it is scaled properly. So R, F and M should have similar
scales in order to you know perform efficiently if we are clustering the customers. So
initially what we are doing is, after calculating the R, Fand M values, we will be scaling
the R,F and M values and then we will be finding the RFM values which is nothing but
R multiplied by F multiplied by M if we are not giving any weights to R,F and M. But it
depends on business, if they want to give weights or does not want to give weights.



Usually business might give more privilege or more importance to R values than F
values then least to monetary values. But this need not be the case with everyone
because some business might be needing the monetary value which might be increasing
the profits to the business. So it might be giving a more weightage to M value as well.
So that is, in this case we are not giving weightages but it is up to you if you want to give
or not. So I will read out the case, so that we can get into the calculations after this.

So a retail company called TrendHub wants to conduct an RFM analysis based on their
raw data. So initially, we have a raw data which might have missing values, which
might have null values, which might be having very absurd values which we have to
clean and preprocess before we move into the actual RFM analysis. So the data set
contains information about various aspects of the sales transactions such as product
details, customer information, pricing and logistics. So it has various aspects about how
the customer has done the sales transactions. So it has the customer ID, the products that
they have purchased, if it was an actual sale or if the customer has returned the product
and the price of the product and the date on which it was ordered, everything that is what
the raw data that we have.

So TrendHub operates several stores, each identified by its issue plan code. They sell a
variety of branded products. So we also have the brand value, brand name across the raw
data. So they sell a variety of branded products across different styles, colors, sizes. The
transaction includes sales, that is the transaction type and the transaction prices and the
quantities.



Each sale is associated with a time stamp, that is the time in which the transaction was
done. Additionally, there are many details like tax details, discounts, the transporter
information, etc. But do we need all these for RFM analysis? Not at all. We just need
three data. So you have to imagine which three data are we going to use for RFM.

So the company is interested in RFM analysis to categorize its customers based on
recency, frequency and monetary value. They want to understand which customers are
the most active and valuable, enabling them to tailor marketing strategies effectively,
reward loyal customers with loyalty points and also improve their overall sales
performance. This analysis will provide valuable insights for TrendHub's future business
decisions and customer engagement strategies. So what we are having with us is a raw
data that has to be cleaned, preprocessed and then it will be used for analysis of RFM.
Once RFM is done, we will also see how we cluster these customer segments using
K-Means clustering that you have already learned, so that we can see how customers,
various kinds of customer segments are allotted to different clusters and we will see what
cluster statistics are there and then we will try to match these clusters with whatever
segments that we have studied before this.

So the first thing that we do whenever we get a raw data is to identify the columns that
are needed for the analysis that we will be doing. So there are so many columns that are
not needed. For example, the brand name, the item type or the transport mode, that are
not needed for our RFM analysis. So we need to select the columns that are actually
going to be used in our analysis. So the first thing that we will be using is the transaction



price.

So transaction price is the value that the customer has spent for purchasing a product.
So can price be negative? Price can never be negative, right. So what we do is whatever
data that has negative transaction price needs to be removed. So if it is a simple Excel,
then you can just use the filter option to filter out all the values that have negative sign in
it so that we can select those transactions whose price are above 0. The next one of next
step of treating the outliers is the transaction quantity.

So we have to multiply the price and quantity to get the overall monetary value of a
purchase. So the transaction quantity also can never be negative. So we have to remove
all the rows which are having negative transaction quantity as well. So if we see the
transaction type, there is also a column. I will show you the raw data.

So we have a column which is called the transaction type in which there are two types.
One is sale and one is return. So if you are buying anything from say, Flipkart or
Amazon, what you will do is, once you purchase something, it comes under the sales
data. But if you are not happy with the product or if the product has come broken or
something, then you will go and return the product, right. So in turn, you have made 0
monetary value there, if you have returned the product.

So what we have to do is, we have to assign negative values wherever the transaction
type is returned. So that in total, it will come to the actual monetary purchase that the
customer has made. So in this example that I am going to show you, I am using Excel
analysis to show you how the RFM calculations are done and especially I am using the
pivot tables so that, you know for efficient analysis and quick analysis. So pivot tables,
it will give you the sum, count, all those kinds of function in just one click. So if you do
not know how to work with pivot tables, I urge you to go and read on how pivot tables
can be used for easier calculations.

It need not always be the case that you use Excel for RFM analysis especially if the data
set is huge and it is very complicated, then you can go for other techniques like, you
know SQL also. So both Excel as well as SQL has predefined queries that will help you
group these customers into quintiles or 5 groups or you know deciles like 10 groups
depending on how many groups you want to segment the customers in.

So we have one column which is known as the total value column. Total value is the
total monetary value of purchases that a customer has made during a fixed time period.
That can be the entire duration past, entire life cycle of his purchase or it can be a prefix
number of years like 5 years.



So sum of total value gives us all the sales value in plus sign and return values in
negative sign. So it counts both, adds setup and gives the total monetary value. So that
is what we are assigning as monetary.

And the next one is frequency. So how do we get what the frequency value is? We will
count the number of transactions that the customer has undergone over the past. So count
of transaction quantity gives the total number of visits the customer has come to the
store.

Then the last one is recency value and how can we calculate the recency? There might be
many dates on which the customer has come to the store, right. So we have to take the
max of all the dates of a particular customer. Say a customer has come before 3 years.
That means we have to calculate today's date minus that max of order date so that we will
get the number of day, we will get the difference in terms of number of days.

So that number of days is what we call as recency because he has come before, say it is
5000. That means he has come before 5000 days. So that was the most recent
transaction that the customer has done. So that is how we get the recency value. So as of
now we have discussed how we get the monetary, frequency and recency values.

But when you think all these will be in various scales, different scales and next step is
to group and scale them. It can be from 1 to 5 or 1 to 10, 1 being the least and 10 being
the most or 1 being the least and 5 being the highest value the R, F and M can take. So
we will go into how we do that.



So the next topic is grouping and scaling. So since now we have R, F and M values but
those are not scaled similar to each other, they have to be scaled for better efficiency
especially when we give it as input for K means clustering or different kinds of
clustering algorithms.

So also it would give us a sense of ease when we compare between R, F and M just by
directly looking into it. So in this case, we are scaling it from 1 to 10 but if you want
you can scale into 1 to 5 as well. So how do we get the recency? We get the recency by
grouping days since last order into 10 deciles and then scaling from 1 to 10. So days
since last order, how do we get it? That is the max of the order date minus today's date or
today's date minus maximum of the order date or the most recent order date that a
customer has. So we will get the difference in terms of number of days.

So if it is 5000, then the 5000 has to be scaled from 1 to 5 depending on how many
records we have. Let us take two customers. One customer has made the most recent
purchase before 3 years. Another customer has made the most recent purchase before 1
year. So if we subtract the max of the order date from today's date then which customer
has the highest value? The customer who has come before 3 years because say, it is 800
days that is the difference between today's date and his last order date.

Another customer just came before 1 year. So his recency might be 300. But actually
recency should be high for the customer who has been more recent. So the value 5
should be given to the customer who has been recent and not the customer who has come
before 3 years. So what we have to do is, we have to do reverse scaling only for recency
because frequency and monetary value will not need that reverse scaling.

So reverse scaling has to be done so that the most recent customer gets the highest R
value. So that we can do in Excel itself and then we go to the frequency value. So
frequency value can be obtained by grouping, count of transaction quantity. So count of
transaction quantity is nothing but the number of transaction that customer has done over
the past lifetime. And then we similarly scale the frequency value also into buckets of 1
to 10.

Then the last one is the monetary value which can be obtained by grouping and scaling
sum of total value. So I have already told you how to calculate the sum of total value,
keeping in mind if it is a sales transaction or a return transaction and then we get the sum
of total value column which can be grouped into 10 buckets and then scaled from 1 to
10. So the final thing that we are going to do is calculation of RFM which is nothing but
R into F into M unless you want to give a weight to any of the 3 matrices, like recency
you want to give 3 or frequency you want to give 2 and monetary 1, then you can assign



the weights as well. So once we have got the RFM value of each customer, what we have
to do is, we have to know how the customer segmentation happens. So the customer
segmentation or the customer clustering can be done using one of the clustering
techniques.

So we have learnt how to do it in K-means clustering. So once we have got the R, F and
M values, what we are going to do is we have to feed them into the K-means clustering
algorithm, which will cluster it automatically into how many ever number of clusters that
you are choosing in it. So we will be going into that in the next session. So we saw that
in Excel, we can group or bucket the customers into 10 or 5 groups. So there are
commands in Excel that help you do that. We will be going into that shortly. But can we
do this in SQL as well? Yes, the answer is yes. That is the ntile function helps you to
group or segment the customers into distinct groups based on their behavior. This
function divides a complete data set into equal parts, say 5 equal parts or 10 equal parts
creating quantiles or percentiles. So, which will be useful for categorizing the customers
according to the RFM score

So the code or the syntax for the ntile function is create table RFM. So what are we doing
here? We are creating a new table RFM which will be selecting the values or selecting
the columns which are customer ID, recency days. So we are selecting 2 columns which
is, one is customer ID obviously and the recency days is nothing but the days, we have
got the value in the form of days right by subtracting the max of order value from the
today's date. So we have got the recency in terms of days, that is what we are selecting
here and then we are ntile, using ntile function to group it into 5 percentiles or 5
segments, that is why we have given 5 over order by recency days. So we are ordering



it, you know in ascending order by recency days, as recency. So we are giving the alias
as a recency value from the transaction table.

So transaction table is the raw data that we have. So we are giving the new name as
recency, for the value that we are going to calculate. So how are we getting that? By
grouping the entire recency days value into 5 buckets and whichever buckets it is falling
into, say first bucket then it is given the recency as 1. If it is falling in the third bucket
then the recency value will be 3 and similarly. So it will be having the recency value just,
only within 1 to 5 values 1, 2, 3, 4 and 5. So similar function is there in Excel as well, we
will see that.

So in the ntile function, the ntile function assigns a numerical ranking to the customers
within their respective segments reflecting their RFM scores in comparison to the others.
So it will fall from 1 to 5. So the customer in the top 20 segment, that is the customer
who has the 5 recency value, have a higher ntile rank than the bottom 20. So the highest
20 percent will be having 5 as the recency, the lowest 20 percent will be having 1 as the
recency value. So that is the use of ntile function in SQL. So we will go into the analysis
of how we do, how we perform all this with the raw data that we are having with us.

So this is just a screenshot of an example. This is not the raw data. This is just an
example to show you how we group it. So initially we have the customer ID, then we
have the most recent order date. So that is subtracted from the current date, in order to get
the days since last order, that is the third column. So the person who has 288 in the first
row in the days since last order, is he more recent or less recent? He is less recent than
the second guy who is having 67, because before 67 days he has made a purchase. The
first guy has made a purchase before 288 days. But if you consider this as the recency,
then what happens is, we are giving higher value to the guy who has come very long
back. So what we have to do here is, we have to reverse scale the recency values.

So what we do is, the 288, the guy having value as 288 should be given less priority
than the guy who has 67 as the recency value. So what we do is, we reverse scale it.
Here it is given as recency value 7 for the first guy and 1 for the next guy. So this is
wrong and this should be interchanged in the reverse scaling process that we will see
when we are dealing with the raw data.



This is the raw data and for the TrendHub company. So there are so many features that
they have given us, like starting from issuing plant code. So there might be a code for
each plant, then there is a barcode, there is a brand name, style, color, size, transaction
type. So we need not need all the columns for our analysis but only need certain
columns. So I will just highlight which all columns we need for our analysis. Do we
need the transaction type? Yes, we need the transaction type because we need to know if
the person has made a sale or if he has actually returned the product.

So if his sale value is 2030, for same customer id and he has returned products worth
489, then you need to subtract the 489 from 2030 to get the total value of a particular
customer. So we need this transaction type, we need this transaction price, we need the
transaction quantity so that we can multiply by transaction price to get the total monetary
value. Do we need the transaction time? We do not need it because date is good enough.
So we have this document date which is nothing but order date. So this column is needed
in order to calculate the recency value.

So this transaction type, price and transaction quantity, all these are needed for
calculating the monetary value. The document date is needed for calculating the recency
value. And then we have tax percentage, tax value, discount amount, discount
percentage, transport all these are not needed for our analysis. So that is all. So we just
select all these columns that I have highlighted in order to calculate the R, F and M
values.

So if you take the count of transaction quantities for a particular customer ID, then that



is what is known as frequency. If you subtract the return values using negative sign and
then add the sale and then multiply it by transaction quantity, you get the total monetary
value and also recency you can get from the max of the document order date. So I have
cleaned all these data.

In the next sheet, what I have done is I have assigned negative value to all the return
transactions that we have and I have assigned positive value to all the sales transaction
that I have. But before that what I told you is, we have to treat the outliers.

So how do we treat the outliers? I already told you that we cannot have negative values
for both transaction price as well as transaction quantity. But if you select this
transaction price and click filter, then you will come to know that there are negative
values as well. As you can see -3, -2 and -1. So there are values that are absurd in this
raw data. So it happens when you get a raw data that there are absurd values or outlier
values which you have to delete after the data processing step.

So even in transaction price there are lots of negative values. So all these values we
have to filter out before we go forward with our analysis. So that is the first two steps
that I have taken. So after data cleaning what I have got is, I have removed all the
transaction price and transaction quantity which were negative. So if you now click the
filter and see all are positive values, as you can see all are positive values, even
transaction quantity all are positive values. So I have filtered out all the negative values.
I have assigned negative sign for the rows that have transaction type as return. So sales
are positive. As just see this column E, in this we have sales which are positive values



and return which are negative values. So that all the returns get subtracted for a
particular customer ID from the total monetary value.

Then we have the column which is order date. Order date is nothing but the date on
which the particular transaction was done and the customer ID. So we have filtered out
pretty much the very outliers that were there and also we have assigned this negative to
returns and for ease of calculation. So the final filtered data would look like this, in
which we have the customer ID and we have here calculated the total value. The total
value is nothing but the transaction price into transaction quantity. So we are multiplying
quantity and price in order to get the total monetary value of the transaction.

So we have a huge data and this is a preprocess data on which we will be applying the
pivot tables. So you need to have knowledge on how to use pivot tables because we are
using only pivot tables for RFM calculation here. So it is pretty easy. So you can go
into insert and then select pivot tables and you can select which part of transaction or
which part of rows that you need for calculation. So I have selected the entire data set
which has 11365 data and we are feeding into the pivot tables.

So this is how we get the pivot table and in this we can select one particular feature as
row. So how do we want to segment this entire data, based on which value? Obviously it
is the customer ID, that is the primary key even if you are using it in Excel. So that will
be the primary key on which you want the customer data. For example, a customer ID
called 12 might have done 575 transaction over the entire life cycle. So do we need 575
times the data or clubbed into 1? Obviously we have to club it.



So we are using the customer ID as the row label. So we just have to drag and drop it in
the row label and then whatever value we want, like the total value we want, right. So
we can just put it here as the sum of the total value. So the functions that the pivot table
can perform can be either sum or it can obtain the max or it can obtain the count. So it
can do many such functions. For example, I am here changing the sum of transaction
quantity into, we need actually the count of transaction quantity, right, to know the
frequency we need the count of transaction quantity.

So I am changing the sum into count for transaction quantity alone. So this column is
nothing but this is the frequency. This column is nothing but monetary value. Similarly
you can calculate for recency as well. But recency needs to be reverse scaled as well.

So I have already done the pivot table. So this is the pivot table which I have already
done and kept. So I showed you how to do. You can practice on your own.

So we have customer ID. So these are unique values. So till now in raw data, we might
have had 100 customer transactions for a particular ID. But using this pivot table we
have classified this customer ID uniquely, so that you know there are no repetitions or
redundancy. So we have removed the redundancy now. So even in SQL, there are
commands that you can use to filter out the customer IDs and print out all these
informations.

So the next column is total of monetary value. How did we get this? We multiplied the



transaction price and transaction quantity and also the transaction price was assumed as
negative for returns, so that we subtracted properly. So from that we are getting the sum
of all the values for a particular customer ID. So 10415 customer would never be
repeated again in this data. So that is a unique record that we are having. So the second
column is total monetary value.

The third column is nothing but count of transaction that is we had a column that was
transaction quantity so we just have taken the count of how many times the customer has
done the transaction. So if we take this record then we come to know that 10415
customer has done 67 transactions over his lifetime. So that is present as a single record
in this pivot table. Here we are just printing out the max of order date.

So max is also a function of pivot table. So as you can see here, max of order date that
is what I have printed here so that we can, you know just take the difference of max of
order date with present order date, so that we will get this column which is nothing but
days since last order. So what we have got, total monetary value is nothing but monetary
value. Count of transaction is nothing but frequency value and days since last order is
nothing but recency value. So we have got the R, F and M now and yeah, so we have
got R, F and M but what is the problem with the data? It is not scaled properly.

If you take the M value it is 45000. The days since last order is 5000. So all these are
not on the similar scale. So what we have to do is, we have to arrange this into buckets.
It can be 10 buckets or 5 buckets or any number of buckets that you need and here in this
example, I am grouping into 10 buckets. So the recency, frequency and monetary value
will have a value from 1 to 10 and not from 1 to 5. So the last sheet that I am having has
the final values that we need for the RFM calculations.

So these 3 columns are nothing but the columns that we got from the pivot table and
using that I have scaled the recency, frequency and monetary value in the columns which
are H, I and J. Just see this column. This is the formula that I have used for scaling. So
percent rank exc, this is the formula that can be used similar to ntail function in SQL. So
what does the ntail function in SQL do? It will group into how many ever groups that
you need the data to be grouped in.

So similar function is done by the percent rank .exc function. What it does is, we have
given which column we have to scale. That is we have given this G column, that is G2 to
G1539. So we have 1539 values which have to be grouped and scaled. So we have
selected that and we are multiplying by 10.

Why we are multiplying by 10 is that if we do not do we will get a value from 0 to 1.
So it will be like 0.1, 0.2, 0.3, etc. So we want a whole number, that is why we are



multiplying by 10 and this 10-, why have I done this 10- for recency is, can you just take
a minute and you know think why I have subtracted in from 10.

I think you guessed it right. So I have done the reverse scaling here. So reverse scaling
is needed for recency alone. If you see I have not done it for any other function, that any
other matrix like frequency or monetary I have not done that 10 minus because I am not
doing the reverse scaling. So you know why reverse scaling is needed for recency. So
that is why I have subtracted the value from 10, so that we get the 10 value for the
customer whose recency was the highest or who has visited the store very recently. So
that is, if you can see the 5, 4, 2, 1 that is the time lapsed between the last customer order
and today is 5, 4, 2, 1 days that guy gets the value as 10 and the guy who has visited
even before that, gets the value lesser, that is 1.

So we have scaled the recency properly. Now we are going to scale the frequency.
Frequency nothing but same formula, person rank.exc but which column are we
selecting? This column, that is count of transaction column or the frequency column we
are selecting and we are scaling. I have added 1, because when we do this we will get
from 0 to 9 but if a value if a frequency value is 0, then even if the recency and monetary
value was high, if we multiply it by 0 then the whole value becomes 0. So that is very
bad kind of segmentation because a person who was not recent, like his recency is 0 but
he was a good customer like frequency and monitory was very high, then we need that
customer in the segmentation or if the recency was 0, if we give it as 0 itself then that
customer would not even come into the important bucket. So that is why I have just
added 1, so that we get the values from 1 to 10 and not from 0 to 9. So that is how I
have scaled the frequency and monetary is similar to frequency because you can see that
it is 1+percent rank.exc and which column are we selecting? The monitory value column
for calculation.

So now we have scaled frequency, recency and monetary value and now what we have
to do is calculate the RFM value which is nothing but this into this into this multiply all
the three values. If you want to add weights, then well and good you can add. As of now
I am not adding because this is a simple RFM analysis and we are not adding any
weights. So this is how we calculate the RFM values and using these RFM values the
next step would be customer segmentation.



So now what we have got is, the entire R,F and M values of all the customers within 1
to 10. So we have segmented these customers into 10 buckets for each recency,
frequency and monitory but when we combine all these R,F and M values, what can we
say about how a customer is? For example, we have, say we have a customer with R
value 1, frequency is 9 and monetary is 9. What does it say about a customer? It says
that the customer is not at all recent. Almost he has turned off from the business because
his frequency and monitory value was very high. That means he was a very good
customer but because of your improper promotional tactics or something else, some
problem he has turned off to another business.

So that is what it means by this customer. Take another customer whose recency is 9,
frequency is also 9 and monetary value is 1. What does this mean? That customer is
always coming to a store or always visiting a website and he is very recent also. Today
also he visited the website but monetary value is very less. That means he is just doing it
for fun or maybe he does not have the money to do it.

So we do not know what is the problem is,but can we cluster both these customers into
the same bucket? No. No, right. If we cluster both these customers into the same
bucket then we will be sending similar kind of marketing mails or targeted offers to these
customers, then it would be very absurd because both are very different customers who
should not be clubbed into a similar bucket at all. So that is why we need a clustering
algorithm, in which we feed this recency, frequency and monitory values so that it will
have a prefix strategy on how to cluster these customers based on how many ever K
value that you give. For example, obtaining the K value there are various methods like



elbow method etc.

So using that you can select an optimal K. K is nothing but the number of clusters that
we want the customers to be grouped in. So we can select an optimal K and then we can
get the different customer segments or the cluster segments on which the customers can
be segmented. So if there are 4 customer segments, that means that all the strategies
henceforth that we are going to follow as part of our business will be similar for a
particular cluster. So cluster 1 will have similar kind of marketing mails, similar kind of
strategies, promotional offers, loyalty programs etc.

But this will not be similar to the cluster 2. So the cluster wise marketing strategies
would be intra-cluster marketing strategies would be similar and inter-cluster marketing
strategies would be very different. So that is what the businesses do after they have done
the RFM analysis.

So many big business as we saw, like the Delta airlines they have already performed
RFM analysis to see what kind of customers they have and what kind of customers are in
the situation of churning off or what kind of customers they have to bring in or the
strangers which a stranger segment they have to bring into the business in order to
increase the net worth. So there are different strategies, like that used by Delta airlines.
So RFM is a very very simple technique because we can just do it in a Excel or a SQL to
extract the RFM values and then, you know go forward for clustering.

So it does not analyze any psychographic or you know behavioral data of the customers
other than this recency, frequency and monetary matrix. So in next session, we will be
seeing how we can go about with K-means clustering with the input R, F and M values.
Thank you.


