

BUS 445, May 27, 2026 INST SOLEYMANIAN: Okay.
Okay. Hello, everybody. Good afternoon. So this is our week three class and as I sent you this morning, I mean, the announcement, our agenda today is to have the quiz first then the lecture time, we
have -- the different components in the lecture and tutorial to cover.
In the lecture you will see, we first want to talk about the importance of choosing the right segmentation basis or the variables that we choose for defining the segments or running cluster analysis or another algorithm and also the other variables that will be used for profiling. The chapter 11, PDF you read, it was a technical one, it provided a kind of over view of the different algorithm for clustering and principle component analysis and the example it was provided there was straight forward because it considered simple situations, we had -- 7 variables and it was clear we want to use all the variables which was -- they were in a standard form as the variable to use for segmentation but in reality, this is not the case.
You face situations that each customer, there are many variables for that customer. So the first
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point here is to decide which variables you need to consider for segmentation.
And then the next step is how you form the segments, how you describe the segments later, but most importantly to evaluate the attractiveness of each segment to do the targeting. Depends on your goal. The fact that why you want to do this segmentation. That's something we go back to a new case that we have like it's a kind of retail store --real data. It's with lots of variables and we want to go through that step by step together and see how that works in reality.
So like today I shared with you on Canvas all the -- in addition to the slides, I shared with you the different data sets and also R script so which means you can down load the R script on your laptop and you have access to the CSV files. In that it's assumed you have the data set so import and run it. You can do it on your laptop and get the same results I will show you today for both cases. That's a thing and the plan that we will have today.
So as I mentioned to you, something which is very important to know, I don't replicate or repeat the same stuff you already studied.
My assumption is you are familiar with those



pre-readings I shared with you.
So I quickly just for five or ten minutes very quick recap on those -- the key points and the key deliverable for that but I don't repeat all that stuff.
So that's the thing.
And last thing before going to the quiz is that -- so I think we are all almost -- we have the finalized roster of the class. I mean, the total and the final number of registered students.
So I checked today was like 31 so and I based on the survey you submitted, I actually formed the teams.
I will share with you right after the class, so you will see that in new announcement and I formed the teams on -- you can see your team mate on a new page that will be created for you.
And also, I will share with you the guide line.
For the group projects that we have a plan to do in this term.
So those are the things that I wanted to share with you, and is there any questions before going to the quiz?
As usual, we have ten questions and you have ten minutes to answer.
And remind you, it's in-class quiz and I give



you the pass code and you are not allowed to share that so for students who are not here. This is a closed book.
So I mean, you can not use your phone or internet ChatGPT or anything to answer the questions. Week three quiz. I will make it bigger to see the pass code.
The access code is I think it should be published and available now, it's segment PCA445 with capital S and capital PCA445.
Bit bigger.
Whenever you start, you have ten minutes to finish.
Who else couldn't get logged in?


STUDENT: It shows up as less than ten minutes if you start really late.
STUDENT: Yeah, 7 minutes.
INST SOLEYMANIAN: I can give you -- because it's a --2:50 -- so I just make it three more minutes.

Okay. Let's go to the lecture.
So as I mentioned, our lecture time is actually the a complimentary to what you covered in chapter 11 and the note I provided. That chapter was the



technical things to cover the method and providing a very clear and well structured and defined specific problem showing you that how it works even in the tutorial part of that, which goes step by step how you run the cluster analysis, the principle component, those things but in the lecture time we want to discuss more about the actionable strategies. How from the abstract data we can move to actionable strategy and art and science of segmentation. By going through these different parts.
Okay. So in the journey we are going to talk about today the first part is answering the why question. The first thing to ask yourself before diving into segmentation is why you are going to do segmentation, for what purposes you want to do segmentation.
Definitely we do that in order to identify the different patterns in our customer basis. We all know the companies for different purposes they try to segment and classify their customer basis.
The main reason is, we know there are some under lying heterogeneity in the market. What is the meaning of that? The customers in the market don't behave in a similar way. For example, Apple, so it has a customer base.



Millions of customers. Okay?
But obviously they are not -- they don't think in a similar way.
The needs are not similar. The attitudes and preferences. And if Apple can't recognize and identify the differences, what happens?
It should treat all of them similarly and through the mass marketing, promotion or product features, it's hard to just separate them and provide a more efficient products or characteristics of the products that can work better for each part. Because of that reason when you are faced with a mass market as a company, you want to identify like different groups of customers that for some specific purposes or reasons, they behave differently across the groups.
But within each part, they behave similarly.
So that is the thing. In order to understand --so how to do the segmentation, the first question is why do we want to do that.
There are three lenses that is so important to look at these things from the managerial perspective to know, answer the why question. The second part of the journey today is having a over view of the tool that we have.



The principle component analysis...something that was covered in the chapter 11 and show you in the R, like, how it works, more importantly, how we communicate with the results we get.
How we can actually use those results and interpret the results to provide some actionable insight.
And to wrap up all these things, and provide a kind of application, we introduce a case.
That's a case that I provided PDF as a kind of Grove Mart case hand out and the data set I shared and the R script. We will go through that as real case with lots of challenges we face and we want to decompose and see what can be the failures for doing the segmentation in the wrong way.
So I show you the different approaches for segmentation, or interpretation, and you can figure out so what are the common mistakes that we make from both technical aspects and also the managerial side when we want do the segmentation. Okay?
So you are probably all familiar from the other courses that you had in the analytics world, so we have two different categories or in machine learning we have two different words of learning. Unsupervised and super vised learning.



Okay?
So in supervised learning, in machine learning the goal here is to use the machine to detect the pattern, and in supervised learning, we have a specific target outcome.
Okay?
And our goal is to get the best understanding of that target outcome.
That understanding could be the prediction of the target outcome or to know how changing a predictor can change that target outcome, okay?
Our main focus and goal is to get understanding of how that target -- that specific target outcome changes.
So for example, target outcome could be the demand of the product, it can be the purchase decision of the customers, it could be the response of the customers when we send them coupon. It can be the retention decision of the tele communication companies's customers. Or it can be the customers's retention or churn decision for the subscription service like Netflix. If we have a analytics questions that specific to understanding the behaviour of a specific target outcome is so important, we are in the world of supervised learning.



So and this is something that starting next week we go through that. In the unsupervised learning, we are in the world of discovery.
We don't have one specific target outcome to say that, okay, I want to build a prediction model to precisely predict what is the purchase decision or what the retention or churn decision of the subscription services.
So in -- unsupervised learning, so we have a data and we face multiple dimension of that data.
And our goal is by looking at this data try to discover some kind of patterns.
Try to identify the differences that exist not just from one aspect which we name it target outcome, but in the multiple dimensions that we have.
And one of most common implication of that segmentation.
Imagine I work for Apple. Okay?
And as a product -- in a product team of Apple one thing we need to decide if we want to launch a new product, develop, design a new Mac book or so, we know Mac book or any laptop has many many features.
It can be the screen size or memory, ram, CPU, GPU. There are you can imagine that there are many



decisions, battery life, weight of the lap top, all these elements can be there. And in order to make a decision, okay, about the product, I think the most rational way is to look at the potential market and see that what is the people's attitude?
What are the people's preferences for that purchasing a laptop? So for example, for the market research the companies what they do as they design a survey and send to a subset of that potential market, and try to through the survey collect the data from the attitude or preferences of people.
For example, I give you the survey and ask you in that survey that for all these elements of the laptop rate which one is more important for you.
Okay?
And which means that I list like 20 features.
Laptop weight, memory, CPU, GPU and I ask each of you in your submission give a weight to each of those components that sum up to 100.
Okay?
And I give it to you, and you return it to me.
Which means that for example, we have here 25 people.
And each of you the data I collect for each of you I have as I mention imagine I have 20 columns,



okay, this is for example the weight for ram.
This is the weight, size, CPU, so on.
And I collect that the first person what is the answer?
The second person what is the answer? Okay?
So imagine that you do it for thousands of people.
Something that we want to really want to do is it's really hard -- in this way, each person attitude or preference is defined in a 20 dimensional space.
Right? Each person is defined based on what is the preference or the weight they give to all these features in a 20 dimension.
So it's really hard to design something for each person separately.
So imagine I have one million row or thousands of rows. Collect that.
So the segmentation try to reduce these number of rows into a reasonable groups or numbers. For example, say that okay, I have thousands of customers responses here.
To what extent I can group these customers into different clusters or segments that within each segment the attitude or the behaviour of these



customers are similar relatively to each other but across these segments they might be really deferent.
And when we say their behaviour or attitude are similar in terms of what is similar? In terms of these variables that we have here, that we define each person. What would be the value and implication of this work we do? If we can end up successfully having for example four clusters or four groups that within each group -- so people are similar to each other in terms of their attitude, okay. We can say that these four groups represent the general attitude of the customer base that we have.
And in that way, we can say that okay we form three, four, five segments and then we can see what is the feature of these segments, what are the demographic or the -- we can describe or profile those segments, we can assess the attractiveness of the segment, the profitability of that and given the feature of these segments, we can design the marketing programs. Separately for each.
So in -- spectrum, we have a mass marketing, okay, which is just offering just one thing for everyone. We all know this is not an efficient way.
And in the other way of the spectrum is very super personalized micro marketing. For each



individual offer something that's aligned with that person. That is also not that much realistic or feasible.
So segmentation makes something in between that instead of having thousands of plans or millions of separate and individualized plans, we end up having four or five plans.
But through running this kind of thing, we ensure that the customers that are within each of these groups or segments are relatively similar to each other. For example in segment one, the people care more about the performance or speed of the laptop.
Okay?
So segment two are other people.
This is something that is very, very important and we actually want to talk about that.
So the goal for unsupervised learning is to discover the hidden pattern and structure that exists without limiting yourself to a specific target outcome.
Okay?
So and we want to look into the natural pattern or the distinction that exists across the customers between the customers, but based on some variables



which is very important and we need to get into that.
So something which is very important before just making more example and discussion is, like, unsupervised methods, when we talk about just method, they give you structure.
It doesn't give you the decisions. Unstructured methods like cluster analysis,
principle component, these are the methods that it helps you to form those segments to satisfy the objective that you have.
But it's up to you that after forming the segments to evaluate the profitability of that, given the goal that you have and probably by making some assumptions end up with some actions and decisions.
Because simply forming even the perfect segments are not profitable for us.
So you should ask, so what? I have the segment, now you should decide how differently to treat each of these segments.
Whether you want to prioritize segment one over segment two, okay? How much budget you want to spend on segment one, two, segment three. It all depends on the analysis that you make and assessment you make on each segment. This is something that's very important.



The variables you cluster determine which segment exists.
So that is also very important.
This is the most crucial step in segmentation.
Choosing the variables the right variables for defining the segments.
Okay?
In the example in the chapter 11, you don't faced with that challenge because it wanted to just give you over view of the method. It give the variables and use all those 7 variables for segmentation but today show how it's crucial and important to choose and select the variables that you want to define as segments in the right way.
And what will be the cost of not doing that properly. Okay?
Because in reality, the data that you collect is not just this. For example, for this laptop case, yeah, the data that you end up having it might be the variables about what is your attitude or your preference for this features but in addition to that for each customer is may be the income and gender and age.
Where the person lives.
So the question here is, should I just include



all these variables as a segmentation variables?
I mean, the segmentation basis to form the clusters or not?
So that is very important question. And we will go through that.
So segmentation that doesn't change what you do is not a segmentation. That's very important thing.
Which is about one of those lenses that we want to look. We name it as actionability bar. If you form a segmentation, for example, end up having four segments, even if you can label them nicely and describe them but at the end, there's no -- it doesn't change the decision that you want to make, what is the point of all these effort?
If at the end, you still want to rely on that mass marketing things? And those distinction you capture is not ending up have a different decisions.
That is another things we should keep in mind.
These are something which is far beyond just the technical aspects.
This is -- these are the points that make you different from pure technical person that are able to simply run the K mean or PCA and show the outcome or so.
Okay?



These are the things.
So you are all familiar with STP concept. This is one of the most important things in the marketing.
I think you had intro marketing course or in other courses you heard about this a lot. This is one of the most important things, the processes, we should form the segments as I mentioned the whole market we have, form the potential segment and then make assessment of each and based on the objective choose the right targets.
And then for that target position yourself,
okay?
So as you see for the STP something that's clear
is forming the segments. We will talk about today that typically it's not efficient at all to just based on very straight forward variables do the segmentation and say for example, segment based on gender or age.
This is not the most efficient way of doing
that.
There are three lenses that every segmentation
must pass. Actionability bar as I mentioned to you. Actionability bar is like we need to ensure when we form the segments the actions and decisions we want to propose for different segments are different. If it's not, and you can not justify that difference, okay,



even if technically you are doing the segmentation or clustering in the rite way, so the big question mark is, why doing all these efforts. The second one which is very important, the difference between the variables that we use as the segmentation basis which we defined the segments, and the variables that we use for profile, for describing the segments.
Those are very important.
And third lens is segment profit and loss.
After forming the segmentation we are not done yet. Based on the different strategies or policies, we should calculate okay if I want to approach these segments, through these policies or promotion, what is the potential profit I gain, what is the potential loss? And in that way, you can make assessment of attractiveness or profitability of each segment and make a better decision, how you need to prioritize approaching them differently or so? This is very important.
So as I mentioned to you, the most important decision we all make is to decide if we have the mass market and we want to form the segments in which way we want to do the segmentation, which variables we want to consider to define the customers based on those variables, and then group them into different



categories.
So as I said to you, one of the most common things that can come to mind is using demographic information.
For example, for a company that sells, this is one of the classical examples to show using demographic information is not good enough for -- to use to define the customers and based on that do the segmentation.
Imagine that there's a company that sells pregnancy tests. Okay?
And it has a huge potential market.
All the potential customers that there are going to probably at some point purchase the pregnancy test and the company for the purpose of running some promotion or changing the packaging and the design of the packaging or whatever else, they want get a good understanding of what are the segments in the market.
One idea is let's do segmentation based on demographic and when say demographic it's gender, age, and income level.
So imagine that I have thousands of customers's information about their gender, I mean, age, and income level.
And based on these three variables, I do the



segmentation.
And I find out, okay, I form the group of potential customers obviously women, age 18 to 35, and mid income or so. Okay?
This is the for example segment 1 and I believe this is a big segment size in terms of the size is big and based on this definition, I end up having like --let's make an offer for these people or design for this specific segment, design the promotion message in some ways.
There are deferent reasons that why this approach for segmentation might not be perfect, efficient. Why?
Because the efficiency of the communication that you want to make with the customers either through the advertisement or packaging, the design, the efficiency or how the customer could be attached to that, it definitely link to the attitude or the need of that customer.
Okay?
We ignore defining the segments based on the actual needs or attitude and we just consider the demographic information for doing that. When you think about that, even for people that are in the same segment, in this segment, we may have different group



of people.
There might be some potential customers that we can name hopeful, some kind of the customers that they actually want to be pregnant.
They are making a plan for it, hope to get pregnant and they purchase to see that whether they are pregnant or not. But another group that might be the same cat -- demographics that there's a fearful. So the reason that we miss these two categories is because we mainly rely on demographic information, not rely on the need or attitude of people for
separating -- and what will be the inefficiency here if do that? Okay, I defined the segment and based on that segment, I make a promotional message.
Which means that in that segment, there could be the market could be split between the two and in the end I don't get good things. Better way to do the segment is to choose some segmentation basis or variables that can separate these two groups.
Fearful versus hopefuls. Ideally.
Because if you can separate the segments, and have some segments that based on those variables that we defined, classify as hopeful and the other fearful, that's a much better kind of communications that we can make them with them in a better and more efficient



way. And the only way we can do it is to rely not on demographic.
Rely on some attitude. Or something else.
I mean, the actual behaviour.
If you don't have access to those behaviour variables or attitude variables, in some cases with some assumptions you can rely on demographics.
For example, you can say that, yeah, I wish I could have this data but I don't but I can say that, okay, this age group are people that if they want to make a purchase this is something that it's more likely to be -- it can be fearful things.
Or the other group it's something else.
So but it's -- it has its own limitation. So one of the most important thing here is the first lesson is typically the best -- gold standard, when you have data, not use the demographic information for defining the segments.
Rely on behavioural data. Or the attitude data of the customers.
Or the preferences for example that like this that we have.
But it doesn't mean the demographic doesn't have any value. We will talk about that later. Those are



the variables that we use for profiling. Now that we form the segments, we want to see that, okay, segment one for example here we formed the segment based on the attitude of people. And probably we end up having the segment one, these are people that they care a lot about the performance.
Okay? Okay.
Who are these people?
Are there younger people in this group?
Are there the professional high income, low income?
Those are the variables that we use not for defining the segments but for describing the segments. That's a distinction we have. Going back to the JCPenney case that we talked about last week, if you remember we talked about that case, it led to a big failure by ignoring something that happened in the past.
Okay?
And the main thing that we can link to that is to not doing the segmentation.
If the company by using the historical data so they can run a simple segmentation to identify before proposing a new strategy, before proposing that let's



use the fixed price, to identify what are the segments in my market.
And based on that observation see that what will be the potential response of this policy, if they can run that, they can just avoid this big failure.
And actually, the case that we are going to talk about that, it's kind of grove mart, it can show you directly that implication.
There is a really popular and just famous story in the success story that the company switched from demographic segmentation to the mind set segmentation and actually led to the huge jump in the performance of the company and it's about the Medlife. That's a major insurance company, they went through a significant data driven transformation of its customer segmentation. Around 2015, and they actually tried to move from a traditional demographic based segmentation to a modern one based on customer mind set and attitude. Insurance company, for example, classical way of doing segmentation, imagine you sell life insurance products. The company wants to see how to treat the customers differently. Let's do segmentation based on demographics. Age groups gender marital status. But when think of the nature of the products and the decisions important for us, it goes



back -- if we can segment the customers based on their attitude, for what purposes they want to purchase this insurance?
Okay?
Whether they are planner, worrier, delegator.
People make insurance purchase for different purposes or because of different attitudes they have.
So if we can -- if we can separate the market based on that, it makes sense that probably the marketing messages that we can deliver or even the product feature we can deliver, it can be much more efficient.
Okay? So that is the thing that the company made the switch from the old way of who are the customers to the new way, saying why the customers make a purchase. For the why question, define that variable for segmentations they want to have.
It doesn't mean that they have not used later the demographic. Obviously after forming the segmentation, as I mentioned for describing each segment, and putting the label, because you want to approach these people.
Imagine that I ended up for this one for the Apple case, I do the segmentation based on the feature of the laptop and it's important for people and I have



three segments. One is the segment is so important for them like performance. Segment two are people that it's -- the size of the laptop is so important. The third group are people that it's more important for them just the design, those things.
Okay? Okay.
So what should I do now? In order to make action plan you need to describe those people. Who are these people?
The people who care about the my segmentation identified one segment is performance is more important.
If I can say I can describe them these are people that are university students or young people, it impacts. For example, if I want to promote my Mac book pro which is more about performance, I know what should be the tone. Because I know that what is the profile of these people in that segment.
So that is the value of profiling for segmentation.
So something else you learned from chapter 11, about the principle component analysis, so I don't want to replicate the things you learned but just conceptually explaining to you what is the point of



principle component analysis. We said for clustering the goal is reduce the dimension of number of rows.
Number of rows in the data shows the number of customers that we have.
So we want to say, for example, instead of having 20 thousand customers, we want to have four segment or five segments that can represent these 20 thousand customers.
Another way we can say that cluster analysis it's actually reducing the dimension of the row that we have.
Principle component analysis it's about reducing the dimension of the column.
So for example, here, each customer is defined by 20 features.
And for different purposes, defining each person by 20 features might be a bit foggy. Why? If you want to interpret them or put a label on them, okay, tracking 20 variables is really hard.
If I can reduce these 20 variables into by three variables, without losing that much information, that would be perfect.
Okay?
And that's a whole point of principle component analysis. Let me give you example, that can give you



I think a very good picture of how the principle component analysis in the non technical term works.
Because in chapter 11 went through different parts. Imagine we have a data and we collected the data about what is the -- we collected the data for the hotels in Vancouver.
Okay? Greater Vancouver, we went to all the hotels and we scored them based on two things, price, and amenity.
Which means each hotel in Vancouver is defined on two dimensional space.
What is the price of that hotel what is the amenity level of that hotel? Based on that, imagine this is price, amenity.
So each dot is a hotel.
For example, this is the hotel in down town Vancouver because it has this price and this amenity level, the measure that we have.
So imagine we plot that and we end up having

this.



Each dot shows one hotel in Vancouver.
And as I mentioned, we define each hotel on a

two dimensional space.
The question here is, is there any way that instead of defining hotels in two dimensional space,



define them in one dimension?
Let's say because obviously if we can do that, it's much easier. For many things.
If we can reduce the dimension from two instead of defining each of the hotels in two dimension in one dimension, everything is much simpler and easier.
One straight forward things is, pick one of the price or amenities.
Because now, we define each of the hotels on two dimension and someone can say, skip amenity and just keep the price. What is the down side of this?
Yes.
STUDENT: You lose some...variance in the data.
INST SOLEYMANIAN: How? Can you give example. If I skip the amenity and just consider the price, what happens here?

STUDENT: Flatten the data and you lose the explanation for some of the price.

INST SOLEYMANIAN: Look at these two hotels.
In two dimensional space, these two hotel are very different.
You know? They are deferent.
But if I skip amenities and just want to define



everything based on the price, it means I project all the dots on to the price. Which means that these two dots they get almost on the same point which means I lose the variation. I lose the differentiation between the two.
So simply picking one of the variables and ignoring the other one, any way, for example, the same thing happens here. If I skip the price and define everything based on amenity, consider these two. Very deferent. If I project everything on amenity and define all the hotels just based on amenities I can not differentiate the two hotels. Because of that, straight forward solution, it's not working.
Principle component analysis is trying to look at this trend and reduce the dimension but maximizing preserving the variation that exists. How it works. We have two dimensions. Rotate the two axis imagine and define a new system.
Just by rotating this.
We don't want to go through the details of how this happens or how we do the rotation. But conceptually and visually think about that.
Okay?
This is a new system that we have.
But still in two dimension. And now in the new



system we have, project all these dots into...in this way, we can preserve much more variation compared to the case of skipping one of these price or amenities. So in this way the figure is if we are in two D space we form two principle components. How? By making a rotation. How this rotation happens, the rotation happens in a way that if you project everything on one of these ones, it maximize the level of variation that we can preserve and now we can skip PC two and say that I define everything based on PC1.
So you can extend this to the N dimensional space. Instead of two dimension, imagine we define everyone in the N dimension and now want to reduce to two or three dimension. How it works? Form N principle components and by the order, the first...explain the...we can see that for example how reasonably we can reduce the dimension that make the dimension much more simple but with preserving the good amount of variation in our data.
And lots of values for that.
Imagine if you can reduce the dimension from a very high dimensional space to two dimension.
Okay?
You can make everything -- plot everything. Because you are in two dimensional space. Even



for running the cluster analysis. There was an example in chapter 11...the number was seven. You know how the algorithm works. How we calculate -- it measure the distance but how the distance is measured, by the -- distance that we have, so for 7 dimension it's not hard but imagine we have 1 thousand dimension, the calculation part is harder.
So in many cases it can be impossible with just a typical...to do that. First reduce the dimension, they do, and form seven, eight instead of thousands of variables.
And then run the K mean or other clustering algorithm on that reduced dimension.
It happens a lot in image processing and also biological.
So I think some of you are in data science program. Anyone who knows how for example clustering image processing works?
For example, we have deferent -- one of the most common application of clustering and also provides learning is image processing. For example you have ten thousand images and you want to group them and say this is the group -- these are the pictures of cats and this is dog or whatever else.
Okay?



So in order to do that and going back to the same concept, each picture could be defined on a multiple dimensional space.
How many dimensions we have for each picture. If we define each picture based on the pixel.
There are millions of pixels. Right? Imagine you have ten thousand pictures, each row is a picture, how many columns you have for each picture?
Millions.
One million column you have.
Yeah, tech -- in theory, you can run K mean to see that is there any way I can group or cluster the ten thousand pictures?
But in reality it's not going to work because it's one million dimension. How you want to calculate the distance or so. They first reduce the dimension. From one million columns reduce it to 20 columns for example without losing that much variation and then run the cluster analysis or any other algorithm on that reduced dimension. The same thing exists in biology. The DNA of customers. You probably heard of DNA testing for ancestry it can classify your ancestry. Cluster analysis. Each customer can be defined by his or her DNA sequence but how much columns we have for DNA? Billions of columns. If you



know the DNA, sequence, each point name it as snip or location or the sequence in that, so it's billions of dots there.
So the combination of that it defines each of us. But it's impossible to use the original data and say, okay, I have all these people and each person is defined in billion dimensional space and let's run a cluster analysis and see how the people are genetically similar to each other. The first step is reduce the dimension from one billion probably to one hundred.
Okay?
But criteria is ensure in that dimension reduction you preserve good amount of variation in your data. That's a thing that we go for it.
There's examples -- in the chapter 11 about principle component, what is the value of this principle component? Imagine we have 7 employers and five attributes. Which means that these are the jobs, different jobs. Imagine you are a applicant and you want to evaluate the jobs. We define each job in a five dimensional space.
Okay? Family life, location, challenge, financial. Now we want to create the map or something to position each of these jobs and then make a



decision. We define each job in five dimension it's not easy to plot that in a clear kind of plot.
For example, you can pick two dimension out of the five, and simply plot what is the position of these jobs.
Okay?
But how about the other perks. If you want to have a good picture of that, so you need to consider all those five variables.
All those five features and elements.
And that is the thing that we do principle components.
We reduce those five dimension into two dimension and now we can plot it.
But something which is very important, before making any interpretation name what is the meaning of PC one, PC two. The way that we -- it's based on the loading weights that we get.
From this one we can get a sense and here we have how we read this biplot. We name this as biplot. It shows to us -- what is the -- this point shows the position of each of the jobs in the two dimension of PC one and PC two. The arrows shows actually the contribution of each of those five elements on PC one and PC two. For example, based on that we can see



that PC1 is higher when the family life measure is higher, it's against the challenge. You can make a sense what is the PC one tension? Okay?
So how it's easy, like, easy going job and just having a good family life but it's more challenging on the other hand.
So PC2 it's trade off and tension between the location and the financial benefits that you get.
This is a kind of that tension that exists between the two. This is something we can get and I want to go through before the break I want to quickly show you that kind of R demo for athletic data. This is the same thing you had in chapter 11. In the tutorial part of that, you had the code.
So but for your convenience I put the code on Canvas as well in R script and also the CSV data.
Let me show you and go there. This is before going to that, give you a quick overview of what is this.
Imagine that SFU want to design better for the future the athletic program of SFU.
So it's a kind of the product or service and they want to see that what is the stakeholder's thoughts about this.
If you want to improve your athletic program.



You should see that how the stakeholder's think about athletic program. Everyone could have a different opinion. Okay?
What are the measures or factors that form the success of an athletic program? Someone could say, in my opinion, the success of an athletic program is purely based on like how much -- how many wins or the match they win or get a cup or whatever.
Or get a champion ship. Those things. Someone else can say, it's actually not that one, to me more important than that is how economically the athletes will be successful and they can complete their degree. Else can say, the ratio of female and male.
So you can see that in terms of the factor in the stakeholder minds about the success of an athletic program people might have different opinions.
And obviously, we can do the segmentation to form -- to see what happens.
Something that this data shows is imagine SFU for athletic program sends a survey to stakeholders, could be student, faculty, everybody part of the stakeholder of SFU and they wan the opinion of them on deferent factors.
Rate the importance of these 7 features.
So win, it's more importance of winning in the



athletic programs excellence. Grad rate.
There are other things, attendance, female rate, the number of teams. Someone could say, it's not just about whether you get many champion ship in one team but the variety of the teams you have, the number of different teams you have in your athletic program or the financial success it can bring to the school.
People can have deferent attitude. So the good thing about unsupervised learning is through getting the data, when we have that we can do segmentation and see, for example, to your segment, which way it can represent the similar attitude that these people have.
So that is the thing we want to do.
And I want to shortly show you here in R script so how that works.
So in just -- let me just show you here. Okay.
Okay.
I actually shared with you -- I shared with you on Canvas, three different things.
If you want to run it on your laptop, you need obviously this athletic under score data CSV you need this R script, this is the code that you run.
And this code is actually -- it's giving us basically the same results but in a much nicer, better



visualized format.
So the first R script is exactly the same code that's presented in chapter 11 but I use ChatGPT to give me a more polished and nicer figures.
Okay?
That's for your reference. I put it there.
Another thing which is important is to actually use this BCA function source file. These are predefined functions.
So we use some of these functions and as instructed in the guide line instruction I gave you for R tutorial, so my recommendation always is that to create a folder in your laptop, for example, for this athletic case or whatever.
Okay? Create a folder, put all these files in that folder.
And in your R studio, set the working directory as that folder. Because for example, when I have the code here, and I want to import the data, I'm using a code which is the read dot CSV it's calling athletic under score data CSV.
Okay.
If you don't set up the working directory, what is the path the directory to get that?
So it's always best thing is create a folder and



put all relevant files in that, and through the different ways you can set up your working directory. This is the folder I have -- I formed it. I have the files there and this is the R script I told you. You can see when start if you want to run it on your laptop -- we use different packages in R. I provided some kind of the comments there and here it's assumed these packages are already installed.
And if you run each line and gives errors and says the package is not known you first need to install the package. And installing the package is easy. You can either do it through like the package part and go to install it or write one line code. The install dot package the same name. This is a thing and read the data so on.
Let's do it step by step.
I get like this is the BCA function source file that I told you.
When I run it, I actually -- these are predefined functions for the simplicity I want too call these functions later in a easy way so I use that.
So and the next line is importing the data.
When I run that, I see here the athletic data which includes 168 observation and 7 variables.



And here as I mention it's very clean and straight forward way.
So almost it's impossible to face with that things. It's more for practicing and running that.
So we have 168 stakeholders they answered and each row shows the answer of each customer.
I mean each stakeholder and it's defined in the
7 dimensional space. We want to use the 7 variables for running the segmentation. The first thing as you learned is when we want to use K mean or K median, the first thing which is important is to decide about --this is very weird sometimes that -- it can not generate that.
Yeah.
The first thing is decide what is the number of
K.
One of the inputs for running the K mean
algorithm is to specify what is K. Okay?
And so to decide which K is the best, we first shown there, I will show you, we run two different things. There are two different indexes.
[Reading].
What are the few things? It in the two things, two approach, for each. Run the K mean or K median,



what method you have, with different level of K and it calculates for you for example for that one adjust RAND index. What does it mean? For K mean algorithm we have the...if you read the chapter 11 it shows how K mean works and the resources I shared with you, other things, you can see that.
We first put this...and given that it gives us some sort of uncertainty or like it has stochastic component that not necessarily -- repeating the algorithm you end up having the same results.
Adjust RAND index for each number of clusters run the K mean for example 100 times and create a measure, what is the measure of reproducibility.
Which means that imagine we run 100 times for K equal to 2, we end up -- the algorithm ends up giving us assignment of each of the customer whether belong to like cluster one or two, in next one, third, fourth and every run the initial centroid is deferent because randomly assigned and might be possible end up having different assignments and made calculation for all 100 one we have how much overlap existed and obviously if we get a -- if it's equal to one, it means that it's perfect.
So every time that we run, we get the same results.



Okay? The whole point is run for different level of K, and we pick the K it gives us the higher adjusted RAND index because it shows our data structure it's in the way that is more compatible with that number of K.
Reproducibility level it's higher when for example K is equal to 4. It shows that naturally the structure of the data is a way that is more compatible with four clusters versus three clusters.
Okay?
So one example could be this. Imagine we are two dimensional space.
Okay? Two variables. X one and X two. And we have -- these are each dot is one of the observations that we have.
Eye ball it's very clear -- what is the best number of K clusters if I want to run it here?

STUDENT: Two.
INST SOLEYMANIAN: Two.
Okay?
Because naturally, if you get K equal to two, the algorithm almost every time ended up to the same results.
Because it converts to the same. Imagine you



consider K equals to three. You want to impose that.
The reproducibility rate is lower. Why?
Because K equal to three it doesn't give you very clear -- it doesn't convert same way always. You get into the like the age, okay, some kind of boundary conditions in one run it might be in cluster one and in another run it's in cluster two. That's a thing. That's a reason. That's extreme case but that's the reason we run for different K. We see for which one gives us a higher one.
Clinski index is something else. We said one mane goal for doing clustering is to get groups that the distance of the objects of the customers or observation that we have, within each segment, there are homo genous. What is the meaning of that? Their distance is minimal but the across segment is fine to be very different. We like it to be different because we can differentiate these. ...we want to have the homo genous ones. The distance shouldn't be high.
Klinski index is a ratio which shows what is the variation or distance across segments, the distance between observations across segments, if two customers are in two different segments? What is the average distance of them?
Over, so that's the nominator. So the distance



across segments, and the denominator is the average distance within segments.
Okay?
It's obvious our goal should be to maximize this ratio. We want to maximize the distance between the segments and we want to minimize the distance within the segment. Minimizing the denominator and maximizing the nominator end up maximizing the ratio. That's the point.
In this scenario, both methods gives us clear for example K equal to four could be good choice but not always get the same thing. That's important. In many cases your judgment plays a role. I show you in a real case how the two models can give -- two different criteria can have deferent...of K. This is a mathematical things that's important. Gives us.
And something that is there.
So and when you form the clusters, like, for example, we pick decided based on K equal to four gives us the best, we run the K means and we actually form the four clusters so we assign each of those --end up having -- assign each of the observation to one of the clusters. One is [reading].
We can add the cluster to the database which means that we can add a new column, shows the cluster



number to each observation. When -- as soon as you have that, you can easily for example now find out for each cluster what is the average of each variable.
So for example, here it's thing that we have and also we can visualize it. For example, this is showing us for each cluster what is the measure of --what is the average score for graduation.
It shows the cluster two are people that they give more weight to graduation.
Okay?
Compared to the other ones.
But we can get -- but because we have 7 dimensions it's hard to see what is that. So we have here the table which shows that for each of these clusters, what is the average of each, for example, the winning. What is the average of like the graduation and other things. But it's hard. Because of that, we run principle component. So principle component when you run that, like, we have 7 dimension. It forms for us 7 principle component but with a max explanation to the minimum explanation of variation. What is the interpretation of this. Tells of just PC one. Explain almost 33, 34 percent of variation in the data. Which means that if you reduce the dimension from 7 to 1 we can keep 34 percent of



variation in the data.
If we keep the first two principle components, from 7, we can preserve 63 percent of variation.
Which is good...reducing from 7 to 2, you should max preserve 30 percent of something but now we have 63 percent of variation. So this gives you a confidence if you reduce the dimension so how much you can preserve. Obviously if you keep the first three, you preserve more, but it gets harder. For example for visualization you need to go through the three D space yourself. That's important for us and something that is -- sorry.
Sorry.
This is the same thing I showed you on the slides and you also have in the chapter 11. I don't want to go through that because it explained well in chapter 11.
So and you have this code for it. The other code that I gave you, it gives you the same but it's much better visualized form.
So using a more fancy function GG plot, those things.
And you can play with that one and see how that
works.
So these are the things.



And I want to give you a break for 15 minutes. And we come back at 4:20.
And after that, we actually want to show you the next thing which is going to the Grove Mart. So this is a real data, much more challenging, not that straight forward. And we want to exactly see how it's crucial choosing the right segmentation basis, not just saying let's put all the variables we have to do the cluster analysis. Come back at 4:20 to do the tutorial and show you the Grove Mart.
[Break].
INST SOLEYMANIAN: Okay. Let's go to our tutorial part.
So as mention goal for the athletic data is...generally how it works.
But it doesn't have that much of value to see the real challenges that we get in the business like real data sets because it was a super clean data set just giving you the 7 variables that we wanted to use for segmentation and doesn't include the crucial decisions that we said -- it's about what are the variables that we choose for segmentation. We end up having four clean clusters.
Like, with two different measures that we had.
Both of those measures adjusted RAND index...and they both gave us K equal to four is something that's



good. Not that much challenge. Now we want to move to a case closer to something you see in reality.
So it's Grove Mart.
So it's actually retail grocery store, imagine it's like selling a specialty food. Like whole foods. It has the big customer base of loyal customers, so and the customers make a purchase through different channels.
They make purchase in a store, in -- catalogue purchase and they make online purchase and the thing is we also -- the company for the loyal customer because they have the loyalty card or whatever, they know the historical purchase of these people.
And something that is very important for the company right now which is that the executive level decisions they want too run a marketing campaign or something to migrate the customers to online channels more. The how to do that job? In order to make that decision in a better way and run the strategy and communicate with the customers in a better way, first know who are the people based on the historical data, like knowing that what are different segments so on.
So and for doing that, we want to run a segmentation.
I share with you on Canvas different files.





out.

One thing is actually this Grove Mart case hand


Which actually clearly very shortly explained

the context, and the data dictionary that we have. In this data set we have a sample of 2200 customers.
The company has over 100 thousand customers.
But here we have a subset of the data, and by using this data we want do the segmentation.
And this data -- the company has a goal and challenge. Which means, it needs to make a decision at the end.
How to treat these people to migrate to the online channels.
Okay?
So and the data that we have it's like for each customer we have all these variables.
We know the year of birth, education, marital status, income, how many kids they have at home, teens, these can be classified as demographic information.
We know date of enrollment with the company, so when they enrolled in the loyalty program.
It shows to us for how long you have been with the company.
So we also have the recency. The date since



last purchase. Showing a measure -- when was the last time this customer was active and made a purchase with us. Any complaint in the last two years. The amount of purchase in different categories. They sell in different categories. Wines, fruit, fish, and [reading].
We know that how much they purchased in each of these categories. And something else which is also very important, we know number of web purchase they had, that the purchase made through the company web site, the number of purchase made through the catalogue, so purchase made directly in store, and in addition to the purchase we know the web site visited in the last month [reading].
And the accepted coupons. Whether in a different campaigns we run, we send them the different campaign -- we send coupon and we can observe whether they accepted that or not. And also for the recent campaign we can see if they responded or not.
So given this data set we can look at it from different perspectives. The question here is, whether we want to predict some specific target outcome, or we want to explore and detect the pattern or identify the segments that we have.
Because someone could say, for some specific



purposes, for example, we have a variable which is we observe similar to the Canadian cancer society, we observe when we approach these people in a last attempt, whether they accept or responded to our promotion or not.
If your decision and your goal at the company is to run a new campaign, and similar to CCS you want to know how to do the targeting in a better more efficient way your job could be to build a prediction model to see that who is more likely to respond and less likely to respond.
And by using that prediction model, actually decide who has a priority to send the campaign. This is something that's supervised learning and we will talk about it next week. This week is not about that -- the challenge that we introduced here is not about targeting for that. For some specifics reason
we want understanding of the customers. Who are these people. What they are doing?
Okay? So and because of that, we want to just form the segments.
That is the thing that we have and as you can see, the thing that we have here.
So in terms of -- oh. Yeah. That's a document I shared with you and let me just get into that.



As I mentioned to you, we have different types of variables. We have demographic information for each customer and purchase behaviour and history of the people. These are the variables we have. And it's not just an athletic data which is 7 variables, very clear and we want to do the clustering segmentation based on those things.
So because of that, the first thing which is pretty important and this is actually a very strategic decision is to know, okay, what are the segmentation variables.
Before having a discussion on that, I want to go and show you the data, you have access to the data. I shared with you the data. And also I shared with you this R script. Okay?
So as usual, my suggestion is to create a folder, you can name the folder as Grove Mart or whatever and put the CSV file and this R script into that folder so and here, when you form the folder and you come up with this folder you can set as working directory. And when you set as working directory, okay, r studio actually knows that folder.
So for example, right now, if I just say that I want to read this data set, this data dot CSV, okay? It's defined for R studio because in that folder and



that's my work directory. Here is something I run. R script I provided -- I try to provide comments to explain step by step how it works. But let's go through this.
We have different libraries, that's important to get into it.
And these are some for visualization we have.
And I read the data set.
And this is the data set that I import into R. I name it as Grove Mart and it has 2200 observations and 29 variables.
Okay?
So you see that this is the data set. It's not as clean like the athletic data.
So and if you want to run a segmentation first thing is to decide what are the variables for clustering?
If you want to run a K mean or something else.
So something that I have is like I did a bit of cleaning data. For example, I excluded the out liars. For example, income and age. If there are something. I filter the age less than 90 and also the income less than like 200 thousand dollars. These are something you can remove this filter but so like I have that.
So I want to have different scenarios and run



different scenarios here. The first scenario I have I name it as the kitchen sink. This is to avoid. Which means if you have many variables it's not always the best to use all information that you have.
Okay. It's naive approach to say, okay, these are all the variables. Let's put all of these variables as the segmentation basis.
As the variables that we define a segment. What does it mean? Here, it means I want to consider all these variables that I define each customer based on that and I want to create the clusters. Okay?
That minimize the distance of the customers based on which variables, all the variables that we have.
And here I end up like for example this is the thing, as you can see, I decided in the first scenario, which is naive approach, I considered the demographic information, the channel, I also considered the engagement. I considered the mix of variables as a segmentation basis. The first thing is pick the variables. I name the variables as S1. The segment basis for scenario one.
And I actually get into that. So and here, yeah.
So I run the cluster analysis with K equal to 4,




okay?


For this. And it gives me this results. What does it mean?
I have let me show you, 2200 observations. 2200

customers.
These are the variables that I defined a customers.
Okay?
These are the four clusters that it's formed after running the K means.
Cluster one, cluster two, cluster three, cluster
four.
And the algorithm tried to put the customers in
a clusters that based on all these variables in that how many variables we have? 16 variables that we have, okay, to be close to each other.
But because these variables are really mixed, it's really, really hard to make a clear distinction and also to make a -- to label each of these.
Because the clustering that we are making here is not based on some specific decisions.
We just consider all the variables.
So yeah, you can put something here for example the good thing here is like it's actually the heat map which is a visually it can show you for average,



people that are in C one, okay, what is the average measure of each of these variables? If it's darker blue, means it's far below average and if darker red it's far above average.
For example, this person -- people that are in cluster one, on average, okay, number of web visit for them is higher than other groups, okay?
Because you see here, they have a red, and the other things very low, the number of kid at home is also high, okay?
It's really hard to define what is the -- what is this cluster meaning.
To define that. We have many variables and it's not differentiated that way.
So for these people, people that are C2, very red -- it means they are high consumers. They purchase more.
But like we have something else, income is high.
So something that I told you is typically the standard is to avoid demographic data and rely on behavioural data for defining the segments.
Okay?
Scenario two, I want to consider -- I want to exclude the demographic data and consider the behavioural data that I have.



What are the behaviour data? I exclude the age and marital status. Those things.
And I consider the 11 behavioural data that I have and here is the results.
I do the segmentation.
I mean, the clustering. I ran the clustering.
Before cluster and it end up having this.
Cluster one, cluster two, cluster three, four.
Now compared to the first one, okay, for the first scenario, it's mainly using behavioural data, I can group the customers based on their behaviour.
I didn't mix up the demographics to define the segment. Yeah I can use the demographic later after assigning the segments to see that, the people that are in C one, what is the average age? But now I can see that, who are people in C one, I mean, how define the C one people. Based on this.
Still I have 11 variables. Better than scenario one. Because limited that just behavioural variables but a question here is, is it true and credible always to use all the behavioural variables that you have?
Not necessarily.
It depends on what is your goal.
The behavioural variables that we have, there are different -- they have different natures.



Some of these behavioural variables shows to us what is the amount of purchase they have in different categories. Some of the behavioural variables shows us the behaviour of customers of make purchase in different channels.
Okay?
If our main goal and objective and decision we want to make is based on the distinction that we identify for the channel behaviour of the customers, we can limit ourself to the channel behaviour for the segmentation basis to form the segments and clusters.
So because if you want to include the other things -- the question could be, why I want to use the amount of purchase of the fruit purchase or wine purchase or those things, yeah, if there's another decision. Imagine whole foods, want to bring a new line of the wine or whatever else, new line of product, and for that purpose, yeah it's really important to segment their customer basis and know that how they differently purchase. Not through the channel but generally about the type of products.
Those could be used as segmentation basis.
Because of the same concept, I have the scenario three here.
Which I name it as purpose driven segmentation.



Which I actually for the purpose of this case, which is giving insight to the company that what is a channel behaviour of the customers, what is the behaviour of the making purchase online, through catalogue off line or just watching -- visiting web site without making a purchase, so that is the -- if that's the case, I can limit myself to the five variables that shows that channel behaviour.
And this is exactly what I do here.
So in the third scenario, I just use five variables for defining the -- running the cluster analysis.
What are the five variables?
I use a number of web purchase, number of catalogue purchase, store purchase, deal purchase and number of web visits.
So because before running anything, I want to evaluate whether these are the five things are good or not. Imagine if based on these five measures and variables, you run that, what happens.
Algorithm try to group the customers in a way that within each customer, within each cluster, based on this N variables that we have, five, they look more homo genus but cluster they are different. That can be informative for our purpose. If I know for example



segment one, are the people they just purchase everything in store, they don't have activity online at all.
There are segment two, they are deal hunters.
No matter of what is the channel, they try to get the best deal.
The other category, they are like simply visiting the web site and not making a purchase.
So lowering the number of segmentation basis helps to make this interpretation better.
So how we make that?
Let's look at this heat map and tell me what is are your thoughts for C one? We have 2000 customers, almost 2 thousand. So 540 -- it's 25 percent of them.
They belong on cluster one. Who are these people?
How we can define these people? Yes.
STUDENT: Like the catalogue people.
They are high on the catalogue purchases but low on the web visit --
INST SOLEYMANIAN: And also store.
Store and catalogue. It's more kind of the people that they make traditional way of purchase.



STUDENT: Yeah.
INST SOLEYMANIAN: Traditional shoppers. And something else that can strengthen our arguments, it's about web visit is very low.
Okay?
It's really traditional shoppers. What is cluster two?
Any label or name for cluster two.
STUDENT: Traditional shopper but have tendency to probably convert to online shopper because most of their top four blue are white but a bit more towards the red.
INST SOLEYMANIAN: What is blue? Very low.


STUDENT: Opposite.
INST SOLEYMANIAN: Opposite. STUDENT: Yeah.
INST SOLEYMANIAN: So what is thought? KENT: ...
INST SOLEYMANIAN: Why they go to a store?


KENT: ...


INST SOLEYMANIAN: Just they go to web site. Browsers.
Window shoppers. Great. Yeah. Segment three.



Segment three, telling us that the good thing is consistently they have a high for the store purchase and the web purchase. Okay?
They are not that much looking for deal or something.
But --STUDENT: High volume --
INST SOLEYMANIAN: We can name it as yeah. STUDENT: High volume...shopper.
INST SOLEYMANIAN: Yeah that's the thing but something that I can go for it -- yeah, this is the thing, high value shoppers. We can name multichannel shoppers. Omni.
Those things. C4.
Very dark red for the deal. Deal hunters.
Okay?
So they search more on the internet. Obviously, but they are really deal hunters.
So and they also make a purchase online. Not much in person.
With this segmentation, we could discover four different patterns of shopping for the company.
Shopping in terms of what?
Not in terms of which category you make a purchase. Category of wine or -- no. Based on what



is the pattern of the channel selection that we identified clearly here.
Okay?
And why it helps? Because we chose these five for defining the segments.
Now that we identify these four different segments, first of all we can do different things. First thing is to know what is size of each segment? We have two thousand customers here.
So 500 of them is C one. 25 percent. We can generalize.
If this sample is representation of the population we can say 25 percent of our customers belong to the segment C1.
Okay?
50 percent of them belong on C2. Okay?
They don't make a purchase. Just window shoppers and the other things that we have.
But more importantly, we can profile them. The next thing to ask, we have other variables and we excluded defining the segments but they are not useless. We can use for profiling. We can say, we identified the four segments now but we can see that what is the persona of window shoppers? In our



market?
What is the persona of window shoppers. Are they young?
Are they married? Do they have kids?
What is that? Why it's important to know their profile? To do the profiling? Because if you later you want to convert the window shoppers, it's not just enough to know that, okay, you have a category of window shoppers.
If you want to effectively approach them, you should know that what is the persona of these people on average?
If you know that these people are people that they have kids, your marketing strategy can be something but if you know they are mainly single or highly educated or something else you may have different marketing strategy. So profiling is important. It's not enough to stop here and say we have super clean segments but you need to have those profiling for going forward.
So that is the thing that we get there.
Let me get into the other part that I told you, I want to run similar to what we did before, for deferent level of K because that result I show you --



it was based on the K equal to 4.
The question here is who knows K equal to four is the best but let us do something else.
Based on adjusted RAND index and CLINSKI, we see different results.
Okay?
It's not similar.
Klinski index and adjusted RAND index give us deferent results.
It's not as straight forward as the athletic case. Yeah. For example, for adjusted RAND index K equal to four is very reasonable but for the klinski index that's not good. That's a reason I told you it's not just about the mathematical proving that for which K we get a max measure.
In addition to that, you should see that which number of K can give you a more practical actions.
A better interpretation of the segments as well.
And that's a reason that I suggest here for example for K equal to four it can be good option because based on adjusted RAND index is good but I think it will be good to see K equal to three or two. To see that. And then compare. Running K equal to two, and four and see that what are the patterns that you can identify in K equal to four that's not



possible to capture in K equal to two and see what happened. This is something I run here and I give you the results.
So here is K equal to 2.
Just to remind you, when we have K equal to four, we capture 4 different types.
One was the window shoppers.
We had multichannel customers. We had deal hunter and we also identified another one was the last one was people that -- no matter the deal, they make the online, online customers.
So when we run -- set K equal to two, which means that in 2000 customers...it's like almost half and half in assigned to cluster one and cluster two.
And what are cluster one? These are people that they make purchase.
Cluster two are people they don't make purchase. Window shoppers.
But it's clear that it's not identifying -- it's not separating who are those shoppers. For K equal to three, if I have that, I can identify something a bit better. I can -- I have the window shoppers. It's like that C one and C three is split of something we have. It's separating the catalogue and store purchase customers, okay, from the online customers.



But K equal to two were not able to separate them. Beyond the math measure of K equal -- K equal to three is better than K equal to two. It's judgment in a business that comes in play here that we can have that -- how that works and end up having it.
So like, we can see what are the percentage of each and let me just get something else.
And I do based on the three segments, I do the profiling. When I say profiling, I actually want to see that what is average age of each segment, okay, what is the number of average number of kids they have, the total spent they have and everything else. Those are things I have for other variables that I have not used for segmentation.
That I use for profiling.
And those variables has value for you because you can use them to get a better understanding of the persona of these people, and make a plan for the future.
So and just get -- for example, for the window shoppers, if you see -- here we see C two are window shoppers.
Okay?
So if you want to make a plan for -- you want to assess the attractiveness of these people to approach



them or make some kind of plans to convert them to the customers, if you want to make assessment, you should know -- make assessment or judgment of what is the profit that you can gain from it.
Because of that profiling helps. If you know who are these people.
What is the size of these things. The average age. How many they spend. All of that.
Which we haven't use for defining the segments but we use for describing the segments.
It can help us form that -- so another thing is I can use actually the -- in two dimension.
So I have five variables that I use for segmentation.
I ran principle component analysis to reduce the five dimension to two principle. PC one and two. And when I do that I can have biplot. I can show the position of customers and make the segments. This arrow shows the direction, and level of the five metrics. We have. PC one this way it goes like tension between whether you make purchase or you have the visits.
Just visits.
And then the dimension two, it's actually to what extent you are looking for a deal.



See that?
So that's kind of -- dimension one explain 45 percent of variation in data.
So reducing five dimension to one, it can preserve 45 percent of variation. Dimension one and two, combining them, explain over 70 percent of variation.
Which is good.
When you reduce five to two, you expect to lose over half of the variation, if you do it randomly.
If you are in five dimensional space, and reduce two dimensional space, you should expect to lose over
50 percent but now you are just losing 25 percent of variation by keeping two principle components.
So compared to that basic plot that you saw you can see this is more fancier one so use GG plot and those things and it can show you how that actually works here.
So my suggestion for you is like to work with this, explore it, you can change it. Something else that probably you can try is in the data you can see that we have other variables as I told you. We have the amount of wine purchased, fruit, meat. And we have not used them for segmentation. Another situation, these variables could be the relevant



variables for defining the segments. Think about that, in which situation it can be more relevant. If the decision you want to make is about product line that can be more relevant to detect the pattern of consumption in different category in terms of the product categories that we have. That could good.
And you can play. You have these things. You can replicate it by using those variables as a segmentation basis see whether you can detect segments that for example there are like healthy food customers, that they purchase more healthy things or it's more the luxury foods, I don't know you can label that as luxury or not. And think about process you go for that. Here is what we do and as I told you, to summarize, the first thing which is very important as always, before running any cluster analysis or segmentation, think about what is the decision, specify the decision. For what purpose you want to run the segmentation and that guide you to choose the segmentation basis.
So for example, our decision was channel migration.
And because of the reasons, so we -- it guided us probably the most relevant and justifiable segmentation basis is the variables it shows the



behaviour of customers how they engage across the channels. That's something it can be actionable. Based on that I end up choosing the variables.
Starting from the main decision and try to identify what are the relevant things.
You can think about in which situation or what form of decisions it's more logical and rational to choose for example the amount of different category purchases that we have there.
So and this is something that I showed you. And three things to remember. [Reading].
Behaviour defines segments. Demographic, describe them. We need describing them. So because if we want to approach each of these segments, we need to know what is persona of that people and it can help us to do the things.
A segmentation that survive [reading].
We have not went through that in details but it has separate story, it's more kind of the strategic kind of calculation. For example after identifying the segments, after creating persona given the decision now you need to make assessment. For example segment one give the persona and size. If you want to decide or do some actions what is the expected profit you can get. What is the loss that you have. Or



expenses that imposed to you and you can make calculation, this is the P analysis. So for segment two, three and that's a way helps you do target.
Segment one is more appealing and compared to segment two. This is something that it's more for the MBA course. So whenever I teach this for MBA my focus is more on that component. Okay? Because they are not into choosing segmentation basis. Running principle component but for like business 445 our focus is more on that part. So the first part of it.
But you should keep in mind it's not completed yet. We need something after that.
So that's something.
But through like the project that we do, you practice to some extent that component to see how you can drive value from the results that you get.
So that's the thing. Any questions? Yes.
STUDENT: When you look at the which variables to keep in, for clustering multi...doesn't matter? Because you wouldn't take out a variable because it's highly correlated to another?
INST SOLEYMANIAN: Yeah. Actually good question. We go back to this multico-linear issue later. That means imagine you have ten variables. Okay?



And many of these variables are highly correlated. Like this. X one and X two. Both --these two variables are highly correlated. Price and amenity of hotel, highly correlated. And that's in those situation when you run the PC one, principle component, typically, it work well because it can convert the two dimension to one dimension...actually principle component trying to create...by capturing the multico-linearity. Because of that, the most efficient way to -- when you have huge number of variables, is to first run principle component, okay? To address the multico-linearity to reduce the dimensions that you have and then -- but for this situations that we have for having five or ten, it doesn't matter. It's automatically like considered that in the algorithm that we have.
So but that's the thing. Yeah, because imagine in the very extreme case, the correlation between two variables is one, okay?
Like, it's correlation is one. Having two variables doesn't have any meaning for you.
It's similar to having just one. If I just consider one of them, because knowing one variable with no uncertainty you know the other variable.
If the correlation is equal to one within two



variables, you don't need two variables.
That's extreme case.
But yeah, so in this situations we have like five, ten variables, so just going through that, it address -- automatically capture those things in the algorithm that we have.
And that's the thing. For the cluster analysis, there are lots of other approaches.
You learned in the chapter 11 K mean, K median and distinction. Those are something that's important.
My suggestion to you that all the codes are based on K mean. You can...to see whether you get different results or not. Because in chapter 11 you learned in which situations it might be inconsistent between the methods, the natural gas is one. Hybrid approach but beyond these methods is something else which is pretty common in stats latent...it has a huge value, it can at the same time consider both categorical and continuous variables. Because one of the limitation we have for the K mean algorithm, K mean in the algorithm if you read that review, it tried to find the distance. Okay? That distance between two dots defined if you have continuous variable but what happens if you also have a



categorical variable? The distance doesn't have a clear meaning. Latent class analysis is completely other method for doing clustering, for defining the clusters and working on it.
So but it's out of the scope of this class for

here.



Any questions?
So as I mentioned, I will share with you by

tonight your assigned teams.
So and I will send email to each team and share with you the guide line, the journey for the projects and two mile stones we have. Also later this by the end of the week -- in total there are six teams. 31 students so six teams. Five or six students in each. I tried to make them balanced. So good mix of technical students and more business students and six teams and three projects.
So I give each project to two different teams.
And good thing it's intentional because I want the teams to look at the same data from different perspective.
And that would be good thing at the end of the term that you can see that when you present and you can see how even with the same data set by look at from different perspectives you can define a



completely different analytics problem and address a different issue and challenge and actually provide actionable insight from different perspectives.
That's the thing that you get and as routine. I share with you by tonight the preparation for weak four and pre-readings and we will have a quiz next week and supervised learning and starting with regression. Any questions?
Great. Thank you very much. And have a good evening.
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