

May 20, 2026, BUS 445
INST SOLEYMANIAN: Good afternoon, so in today's class, we have a different things to cover. Before going to the quiz, and everything else, so just as you know, we are going back to the Canvas, the normal thing. Sorry for the confusion back and forth.
And starting this week, I put all the materials on Canvas.
So as you can see here, I already shared with you the contents on one drive for module two but I put it here too and starting module week three, for example, tonight, I will share with you the prereadings for week three all under this one. New module on Canvas, and I shared with you announcement so the communication will be through Canvas.
So also obviously the quiz and all the other stuff, we will have everything the submissions and everything else on Canvas again.
Another thing, don't forget to submit the survey, I just sent you reminder. I think until now, there's just 25 students submitted. So at least ten more students have not submitted.
So if you have not done it yet, please do by tonight. I'm waiting for it to assign the teams.
So and starting the group project.
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So please submit the survey.
And we can arrange the teams by this weekend and I can just introduce the project and everything else to start it sooner.
So our agenda for today is first we have the
quiz.
So as I mentioned it's just a short quiz, ten
minutes, multiple choice questions and based on the prereading. The prereading was something I gave you last week on a chapter 3.
And also another document that I shared with you, and after the quiz, we go through the lecture time that we actually talk about the explore data analysis from the practical view point and by providing different examples how some failures that could be avoided if they could consider very simple exploratory data analysis and some kind of fundamental points in that.
And we get into some kind of the practical things during the tutorial by working on the real data and we start showing you some kind of coding and just also practicing how we can use AI as a co-pilot. I mean, just even if you don't have that much experience in coding, how you can effectively use AI to give you the code and get the help from that. This is the



agenda. First part is the quiz.
For the quiz, like, keep in your mind, this is in-class quiz.
Okay? Which means that it's just limited for the students who are here.
And I'm not sure if you know, quiz part here, on my view, I can see the moderate the quiz, I see who logged in, location all of this, IP, so and if I detect that there is a person who actually had a quiz, not in class, so I remove that. Like, the quiz.
So keep in your mind, this is just in-class quiz to be fair.
And it's a closed book. So that's a kind of thing.
So let me just give you -- so I just published a quiz. Ten question.
And you actually need access code. It's -- the access code is this.
Pass 2BUS445.
Pass2bus445.
So you have ten minutes to -- let me make it bigger.

STUDENT: Quiz is unavailable.



INST SOLEYMANIAN: It's not available?


STUDENT: I don't have it.


INST SOLEYMANIAN: Can you refresh it?


STUDENT: Didn't help. STUDENT: Nothing.

INST SOLEYMANIAN: You have access? No?


STUDENT: Seems some do and some don't.


INST SOLEYMANIAN: Pretty weird.
It shows everyone here.


KENT: ...


INST SOLEYMANIAN: It's available?


KENT: ...


INST SOLEYMANIAN: Can you check again? Refresh it?


STUDENT: Not for me.




STUDENT: No.


INST SOLEYMANIAN: Just close the tab and just log in again.
Open in a new browser.


STUDENT: Nope.


INST SOLEYMANIAN: Probably -- don't worry. Whenever you start you have ten minutes to finish. Can you double check?
STUDENT: Not here still.
INST SOLEYMANIAN: Not? You can do it.
Yeah.
If you have the access, start it. Start it.

STUDENT: It's working.
INST SOLEYMANIAN: It's working? Okay.
Pass2bus445.
I think all almost done with that? So some -- started later.
Okay. Let's move into our lecture.
As I mentioned in the first part of the lecture,



we are going to talk about EDA, exploratory data analysis. Remind you last week we talked about importance of understanding business. In order to define the analytics problem in the right way. Starts from the business objective, and problem. It's important and critical to be able to correctly and appropriately convert that business problem into analytics problem. In the next step in the customer analytics journey is to understand the data because when we talked about customer analytics, it's about we are going to provide insight based on data. Start from first of all before doing any analysis to understand what type of data that we have, what variables are there, what are the initial just relationship in the data.
So that is a thing that we want to move today and more importantly we want to discuss how we actually position EDA in the customer analytics journey. What is the position of that? Is it something that we mainly do after defining the analytics problems and knowing that, for example, we fix that we want to create a prediction model and after, like, having that known, so start EDA or somewhere else we need exploratory data analysis and in this way we also talk about a case which is



JCPenney case. It was a huge failure back in 2012. We discuss how it could -- to exploratory data analysis and for the practical part of class, working with some hands on experience with data I -- two data sets. The CCS. Canadian cancer society we introduced a case last week so you are familiar already with the context of that. Ill remind you again. Show you data and we go through the process. And within showing you that for example how we do the CCS, with the data, I show you how we can actually use AI as the support and as a co-pilot in that way.
And depending on how much we have time, we go through another data set, tele communication company and the business problem they have is a churn issue and churn challenge.
So this is another data that we are going to go back to it later. On the other weeks.
So that for example when we talk about building logistic regression models we go back to this data but if we have time, today we will make some preliminary analysis on based on the exploratory analysis that we have there. Let's talk about EDA and how we position that.
In different frame works that we introduce last
week.



One of the frame works that we talk about last week was this one. AIA frame work for business decision. How we actually follow the process to getting to the final part which is actually making the business decision.
So everything that we do in customer analytics that we want to make some decisions related to the marketing, based on understanding the behaviour and the responses of the customers.
Okay?
So and for this journey, starting everything from business objective, business problem, business idea and this frame work position EDA, exploratory analysis is something that comes after knowing what is your business idea to solve before getting into the modelling part. The predictive or causal model.
Whatever we have there.
The other hand, we have another frame work or the kind of the concept that it's actually the -- we name it as CRISP-DM.
So cross industry standard process for data mining. And we briefly talked about it last week, that everything is start with business understanding, and then based on the business understanding, you get a good idea about what is your analytics problem, and



then you need to get a good understanding of the data. That's the part -- this part, data understanding and data preparation, is something that we can position as exploratory data analysis. And the goal of exploratory data analysis is to understand what already happened in the data. Patterns. For example, knowing which variables you have. Okay? What are the variation in the variables that you have. What are the associations and relations between the variables. Those are something that we do some analysis in order to get some insight. Objective of EDA is get initial insight of that before doing any modelling.
So with the CCS data I show you how it can help us to enrich our knowledge and everything else that can help us for the modelling part as well.
So that's part that we have in the crisp analysis. So I actually want to start discussion of EDA by having this case.
This is a very famous business case that actually happened in 2012. JCPenney you probably heard about this company name.
Back in 2012, they hired actually a rock star
CEO.
Famous for building one of the most successful
retail experiences in modern history.



They hired the guy who was like the director at Apple and who actually launched all the Apple store concepts.
Okay?
So they hired this guy. And we can imagine that -- like, given the success story of the Apple store, okay, which is in the retail, modern retail. It can be a great opportunity for JCPenney.
And the guy joined JCPenney back in 2012 with the really great success stories in the past, with Apple store and he came into the company to make a huge kind of growth for JCPenney as a department store.
Okay? So which means he brought great success experiences from the past to this and based op that one, so they actually -- he brought some new ideas to change the business model and different things.
So we have a video short video. Five minutes
video.
I play here.
And we can watch and see after that make a
discussion on it.


[video playing].
>>JCPenney was not killed by Amazon...critical



lessons here you can't afford to miss.
To understand why the failure was so shocking...it was massive. Sam discovered his love of retail working there in the 40s. It was prestigious to work to sell and merchandise. He was innovative.
...partnered with HALSTON...seemed to have a JCPenney every town and almost everything you wanted could be found on the shelves.
They were in trouble in 2011.
>> Shutting down stores...
>>Run down and worn out...
They hired Ron john son to lead the company. He was a first time CEO and retail super star after running retail for Apple and target. It was a huge mistake.
[Captions on screen].
INST SOLEYMANIAN: Okay. So let me just give you something. This video they talk about different aspects. The psychology of pricing, these things but our focus today is about one component that's relevant to exploratory data analysis. JCPenney, JCP, based on this video, it has been in the market for a long time.
And in 2012, at some point new CEO stepped in and tried to make huge changes and one of those --like, the major decisions that he made, what was it?



Mainly about pricing of that.
So they mention in the video what was the pricing decision?
STUDENT: Remove the 99 at the end.
INST SOLEYMANIAN: That's something. But more general kind of things.
STUDENT: Took away sales.
INST SOLEYMANIAN: Yeah. Took away the sales and it was something -- the logic and justification for it was like, okay, it will ruin the brand and probably this johnson idea is coming from the history from Apple. He experienced something from in the past, from the Apple store success story, not having something on sales, fix every day pricing, and that's something. So that was a big move and a decision that they made at this point which was like I can name it as the fair and square, they name it as, pricing.
So the fixed price. I name it as fixed price. So for any decisions that you want to make,
okay, you want to make argument, you need justification. So you have hypothesis in your mind, that why this decision or strategy should work.
Or could work.
So something in the john son's mind is like I have experience with Apple that worked really well, in



the retail industry too, Apple store, and in general, we know that having all these sales items or everything on sale will ruin the brand. His justification is if you get rid of that and just move to the fixed pricing, fair and square, it can actually make everything better.
Okay?
So that's assumption.
But something that they miss and they indicated in the video, JCP had a kind of established the brand image in the past which means historically they had a huge customer base. If you want to decide about everything you need to look at who are your customers, what are their behaviours, their attitudes, what are their preferences? Okay?
All of these things significantly impact to know and make judgment that whether this decision that worked really well in Apple it will work here at JCP or not.
And you could do it very simply by doing exploratory data analysis.
Even without building any kind of models.
If you know, for example, in the past in the last five years or so, who purchased from you, what percentage of customers that made a purchase actually



made a purchase that was a deal versus the full price? Okay? What is the demographic of people who make a purchase of you.
These are things that we named exploratory data analysis. Simply exploring what happened in the past.
And if get those simple insight it can guide us whether the hypothesis that we have in our mind could be supported with this data or not.
Even without building a very sophisticated model. Okay? That's something we have. If you want to have this like this very simple kind of story of that, it's the smoking gun, the data is like if you do simple EDA of old sales data you can see and it can show you that over 70 percent of all their revenue of JCP came from the products and items sold at over 50 percent discount.
This is something that you can simply round by just having the very simple plot, okay? Or simple table of the summary of the past sold items and those things that could get it there.
So this failure in the company it was not a big failure simply because of the failure on having a complex model or building a prediction model or so.
It was simply a failure was based because of not doing any kind of exploratory data analysis, just relying on



the gut feeling of the new CEO who had experience in the past in the other brand and he came here to come up on that.
So the lesson that we have and we can name it as JCPenney principle here is, your experience, whatever it is, that it could be a driver for making a decision, it can just give you hypothesis. It's not a conclusion. You need data for the evidence to see whether that hypothesis could be supported or not.
Okay?
So and the purpose and goal of EDA is to let the evidence speak.
That is the thing that we have.
It's different things. And it can be like the applied in different set ups and in different settings. As you see here, if I want to go back to what -- one of the cases we talk in the last week, it was like ZILO, okay?
The main reason for the failure of ZILO was not defining the right analytics problem.
So they had a really sophisticated prediction model which was estimate and they tried to rely on that to solve a business problem that was not matched with that.
The misalignment between analytics problem and



the business problem.
Here, the main reason for the failure is not doing exploratory data analysis.
And the...that we have. Understanding like what data you have and just looking into that and getting understanding of it.
STUDENT: Does this problem fall under any one of those triple A criteria.
INST SOLEYMANIAN: You mean -- so that triple A criteria tells you if you do a sophisticated analytics, what could be the reasons that you can still fail.
The problem for JCP was that they have not done any analysis.
I mean, analytics stuff.
So that triple A is telling you that why you can still fail even you use sophisticated data science work.
It's talking about probably your analytics problem is not aligned with your business problem, may be because of asymmetry or aggregation. Here, it's JCP didn't do any kind of analytics to rely on that to make the decision.
Something we are arguing -- so to just avoid this kind of huge failure they didn't need any advanced modelling. They can do some kind of very



straight forward and simple exploratory data analysis and based on that see that the hypothesis they have probably it's not going to be supported. That was a good question.
So that's a distinction between what we had in the triple A.
So -- the name of the article is also that. Why because the name of the HP(?)article the triple A is why you fail. Analytics or data science initiatives that can fail. You invest in that but fail. That's a point there.
Okay. So another point is how to position EDA because someone could say if I don't have -- if I don't do any exploratory analysis or I don't know what is happening in my company or in the past, in the historical data, how can I precisely define the analytics problem?
So we said that something that we have -- we have a big business issue and business problem, we can come out with some business idea for solving that but we need to convert that to a specific analytics problem.
And for doing this job someone can say I really need to do some preliminary analysis for doing that. This group of people probably position EDA to be done



at a stage before defining the analytics problem.
Okay?
And the other group can say, EDA should be done after knowing what is your exact analytics problem because one of the big risks of diving into any analytics initiative specifically if you have a huge data set or lots of variables, you can easily go in the wrong way or could be distracted if you don't know what is your objective.
So because of that, someone could argue that before diving into the data, even for exploring that data and having some plots, we need to specify and indicate what is the analytics problem.
So this is a question that it comes there, and I can answer that like we can split EDA into two parts.
Tale of two loops.
It's similar to the fact that -- imagine you want to go to hiking.
Okay?
So we can have in one step, I name it as the map check. This is the very high level EDA.
So it's at a very high level, without spending that much time and effort, just checking that whether having that analytics problem, because in the analytics journey, I'm just saying that imagine you



have the business problem and you want to convert this business problem as we talked and practice last week, we want too convert this business problem into analytics problem.
Or specific analytics question.
For example, saying that I want to build a prediction model to predict what is the likelihood that if we send coupon to a customer he or she will respond, accept that coupon. That's analytics problem. In order to define this, we do a very high level EDA here.
What does it mean? Feasibility. Knowing whether in general at high level this analytics problem, is it something feasible and I mention to you, what is the specific example of that feasibility test.
So without going through the details of exploring the data or having many relationship or --but another step we can do that's loop two, it's a ground exploration. After setting the analytics problem, now we know that we want to build a model that is actually want to see what factors impact the response of the customers to a coupon.
Okay?
Now we deep dive into the data. See what



variables we have there, okay?
And finding the relationship, making the plots, for example, for deferent gender what is the average response rate. We can make a plot for different age group, what happens? Trend or pattern or so. Those are the things.
So this is two step for EDA that it can be done in one hand before having established analytics problem but something else which can be done after having it.
So that is a thing that we get and I can get it here in the two phase of EDA so phase one you have a business objective, business problem, high level, before having the sharp analytics problem and indicating and specifying that we do some kind of high level things and in the phase two, we did deep exploration, after knowing what is the exact analytics problem.
What is strategy feasibility check. This is the step that it can be done very quickly, okay?
So when we say quickly, we don't need to do lots of data analysis to get the insight of that.
The first thing is check for variation. Let's go back to the example of making a purchase.
Okay?



Imagine I'm the producer and manufacturer of this clicker.
And I have a huge trouble, it's innovative and new product in the market but I have a huge problem of selling that in the market. That's my business problem.
So convincing customers to make a purchase of
this.
And imagine one of the analytics problem that
come to my mind is, can I build a model because I offered this at different occasions with different pricing, different locations, in the past two years. This clicker.
Different stores and so.
And I probably can have access to the data.
So someone could say, in order to get understanding, what is the most effective way to offer this, build a prediction model.
And say that, can we build a prediction model and predict in which situation or occasion or location, which pricing, the likelihood of making the purchase will be highest.
The chance, if offered this we want to end up getting the purchase.
If that's your...analytics problem, okay, it



means you want to build a prediction model, your outcome, the target variable is whether people make a purchase or not and you want to make a prediction on that.
The first requirement for exploring this analytics problem is to have a variation in the outcome.
If in the historical data you just have access to the data of people who made a -- who purchased this, how possibly you can build a model and say that, okay, what factors impact making the purchase.
So let's get into this part in a more mathematical terms. So we have imagine Yi is the customer i decision to make a purchase.
Is equal to one if the person make a purchase.
0, then it's not.
What is the model that we make -- for example, we want to make a model to make a prediction, this is the probability of Yi equal to 1. Imagine it's a function of Xi. If in your historical data you just observe people who purchased, how possibly you want to see what different levels of X could impact changing decision of Y.
If you don't observe any variation in Y.
If you just observe people who made a purchase.



I mean, your data set for the column Y you just have value 1. You don't have any 0.
You can't build any prediction model. For data specific goal.
To build that you need a variation. Same for X. You need variation in X. Imagine you are interested to know what is the impact of age on the likelihood of making purchase.
You need to have a variation in the age of the customers.
If everyone are young people, I mean 20 years old or so, how possibly in the data -- one way you can find out what is the impact of changing age on the outcome. There's no way. This is something you can simply check without going through the deep things.
So and you can make -- ensure whether this is feasible or not.
Another thing is check the structural DGP. This is so important and this is one of the things that people miss it a lot. That can be a main reason for many of the failures in analytics work and I want to remind you for example for the Google flu trend, case, that we mentioned. One of the issue was this.
Data generated process is telling us if you have a spread sheet of data, for example, the customer



data, imagine you have the data set, and each row shows one of your customers, okay?
The customer ID you have the age of customer, gender, so and the historical purchase, or so.
And you have the last column which says -- this is a tele communication.
Whatever else that we have.
So when you see a data set, we all typically see the data set in a very static way which means that all these variables are revealed for us at the same time.
Okay?
But in reality, these columns or variables could be generated at different times.
If you want to argue that I want to build a prediction model that by considering some input I want to predict the out put you need to ensure whether the input you consider for your models they generated firs or they generated at a time that you want to make a decision, or not.
Imagine you work for Rogers.
And you have access to the huge data set of all these customers. We know what are the demographic and we know also what is the churn -- whether they churned after one year of joining the Rogers.
Which means whether they renewed for the second



year or not.
And also we have another column which says when at the renewal time we observed the churn, whether they had any complain or not.
Imagine for Rogers this is a -- they want build a prediction model for the churn. They want to predict in advance who is more likely to churn and who is less likely to churn.
But that decision point is not next year. It's actually when the customers join the company want to know, like, this person that's joining us, if this person joins, what is the chance this person will churn in the future.
Knowing that what is the timing of their decision, it impacts which variables could be considered in your predictor sets.
In that case, for example, you can not use complained as one of the variables.
As a predictor. Why?
Because complain it's revealed at the same time that the people decide to churn or not.
So the whole point of building a prediction model -- we want to build the prediction engine, black box that more in advance we want to use it, so



where -- this decision point, this point. We want to use it to put input to it, and the prediction or forecast, what is the chance of churn and use that information to make a target decision or whatever else. If that's a point, there's no way to use this kind of variables there.
Another example which is a real case that happened to me and probably can give you a better sense of it, so one of my main research streams I work it's in real estate. So I work with big data in industry over two million properties listed either sold or not in greater Vancouver in the last 25 years.
So and in that way, the data set is like that. So we have each row shows a listing.
For example, the property ID that is listed. We know everything about that property.
What was the list date. When it was listed in the market. The list price. What are the features of property, size of property, the location of property. Number of bedrooms. Who was the agent of this property.
And if the property is sold, we also observe when the property sold, so we have the list date, list date is the time that the property is listed.
Imagine we have list price.





price.

If the property sold, we have sold date and sold


We have all the property features.
For example, number of bedrooms, bathrooms, the

size, the type, location, many things.
Okay?
So and one of the variables that the real estate market is important is the deference between the sold date and list date. Days on market. How many days the property was in the market until being sold. We name it as DOM.
Similar to estimate, imagine we want to build a prediction model.
For the sold price.
We want to imagine we have a very rich historical data. Over 2 million data point.
And imagine we have sold price of property i. Okay?
I want to have a function of Xi. Xi could be many predictors. Sold price of that could be a function of the property feature, property location, the time that the property was in the market because for example in 2020, compared to 2009, the prices are very different.
You know?



So many factors can impact the sold price.
And imagine we build a linear regression for it.
We talks about it in week four but just thinking conceptually that's a thing.
So and now like someone says to you, like, okay, this is the job that we have, and I build the model and for this Xi I consider where the property is listed, what are the -- what is the list price of this property, what are the -- the size of property, the number of bedroom, bathrooms, whether it has a very luxury appliances. Many features. Whether town house or apartment. In addition, one Xi consider is days on market. By definition it's the deference between the sold date and list date.
Okay?
That's one of the Xi.
And we run the model and we get the R square is
99 percent or whatever. It's very accurate. But this is useless.
Why?
What is the problem?
If I include days on market as one of the predictors of the sold price.
Yes.
STUDENT: Can't predict something if it's -- that's



historical. You don't know --
INST SOLEYMANIAN: Yeah. So all the point is it's true that we see the data all at once but if think about the data generating process, what is a point of building prediction model. You want to predict the sold price of a property that's not being sold yet.
Right? In the future. New property came into the market.
I want to predict the sold price of that.
So I can just use the predictors that is revealed before selling the property.
But days on market is just revealed when the property is already sold.
And there's no point of predicting the sold price when the property is already sold. What is the point of that?
So that is a very, very might seem straight forward but this happens a lot.
And the main issue is because you simply look at this data and see, this is available data that I have. This is all the data that I have. Why I don't use it for training my model and ensuring that I have the --I get the most accurate prediction model?
And this is actually happened that with one of my research assistants. I -- three years ago. I did



things for my research. And I hired a research RA, assistant. He was a PHD student in computer science and he helped with preliminary data analysis and cleaning and everything else. And we had weekly meeting and one week he came and said, I was -- I didn't give him a task of building a prediction model. He curious wanted to build a prediction model to see whether we can predict the price of properties in a good way or not. He had access to this stuff. He showed me the result and I said, when I saw the model and saw, okay, he used days on market as a predictor. He also used who is the agent of buyer as one of the predictors.
Yeah. Because we had the column of that, the property sold, we know who is the agent of buyer. You can use agents of seller as predictor. It's revealed. We know who is the agent of seller.
But agent of buyer, the valuable of that will be generated when the property is sold.
So you can not use it as one of the predictors.
So that is a thing, which could make all your efforts, okay, so useless if you don't do in the right way. Third is check against the strategy...aggregation, in the Amazon case, they define the prediction problem that for each of the



products they wanted to predict the demand of the product in each region in the next three days or so.
Okay?
So you need to ensure that whether the level of aggregation that you need and it's required, you have that level of data.
If it's required for you to make the prediction at the regional level, you need to ensure you have that granular data for that purpose.
So the loop two is actually the -- another thing which go through another part.
So loop two as I mention happens after having a sharp analytics problem. After having a sharp analytics problem so you know I'm confident that building the prediction model for this is something that I want to pursue.
Okay?
That's a thing. And now it's the next step of EDA which is loop two and it starts with building the mental model and this is something we want to practice of it today.
So building the mental model is so important. And let's go to this one.
Just remind you about the CCS because we want to talk about it with the data as well, but Canadian



cancer society.
So do you remember that what was the CCS big problem that we talked last week?
Canadian cancer society problem.
STUDENT: They want to try to get the monthly subscribers --
INST SOLEYMANIAN: Yeah. They wanted to with the limited budget and resources they had, okay, they wanted to spend those budget which was about sending the kind of flier whatever you name it, so it costs two dollars for that, so to people in order to maximize the adopters to the monthly giving program.
So they wanted -- they had a goal here that it was like -- maximize adoption to monthly giving program with limited resources and something we knew it was from the historical data the CCS knew that the average adoption rate, the response of people if they send the flier or invitation is just one percent.
Okay? The average the whole population. And based on the historical data they had. It is one percent.
But the point here is, there's a variation.
So the hope they had it was like if they can build -- that was the thing we defined analytics problem. We said the analytics problem is, can we



predict for each person, for each potential donor what is the chance of adoption if we send them the flier.
We know on average it's 1 percent but there's variation. Can we capture this variation by the characteristics of these people?
Probably people that they live in some regions they have higher -- or with specific demographic or some historical things they might have a higher chance of acceptance or not. The goal for the analytics problem we had is the analytics problem -- predicting likelihood or probability given Xi. Xi is characteristics of the customer i. For each customer we want to predict if we offer that customer, what is the chance. In that way, if our model is giving us any differentiating for some people we predict it's 20 percent so we can prioritize.
And offer them first.
So that is a way we -- that's the whole goal.
Which means -- for prediction model, we always have -- we work with something we name as prediction engine. Our goal is predict the response -- okay, whether the customer i adopt or not. That's something we want to -- probability of that is something we want to predict. So we should come up with a model which comes with Xi.



And the first question is what are the Xis? There are different strategy to choose this Xi.
One strategy is directly look into your data and say that, okay, these are the variables that I have.
Quick screening, double checking whether the data generating process is actually can justify using those as Xi or not.
And simply use the ones that it works. As Xi.
But best practices is before jumping into the data to have something that we name mental model --put aside first your data. Don't think about your data.
Just think about your own understanding of the contexts.
Imagine you work for CCS.
So and you want brainstorm with a team you come up with what could be the potential predictors?
To respond to offer to join monthly giving program.
Imagine you offer monthly giving program of CCS to someone, what factors might potentially impact that decision?
Without looking at data.
Just try to brainstorm and list anything that



comes to mind.
Okay?
So some of you might say, yeah, demographic obviously gender, might be something, females versus males or other categories, might have different attitudes toward donation or so. Age, income level, that's something that might be important.
Geographical area. Ethnicity.
Your attachment to any kind of cancer things so if you have anyone who is dealing with cancer in your family, or your networks, probably can increase the chance.
Okay?
These are all the variables that comes to mind and we can lest many things.
Someone could say that the time of sending the coupon. Whether in the morning or afternoon.
Whether it's in the summer time, winter time. Whether it's rainy day or sunny day.
List everything that comes to your mind.
And in the step two -- one hand we have all the things that come to the mind with the brainstorm.
And after having that list we come up with the real data that we have.
And we are trying to see that, like, for all



those things that come up to our thoughts as potential variables, which of those variables we already have.
We listed age or gender as some variables.
We look at that available data, oh, that's

great.



So we have the column age. Okay?
We have the column gender. Location. Postal

code. Which you can use there.
And so but typically, in a real world, it's not common actually to get all those things that you have.
For many of these variables, you don't get exactly what you wish to get. For example, income, we all know income is something that is so important for all of us.
So specifically in this decision because it is about affordability, whether you have the purchasing power and it can hypothetically with the data we can check later whether that association exists but hypothetically it's natural to imagine the level of income can significantly change the likelihood or probability of accepting to adopt to this monthly giving program. But when we look at our data, we see, oh, unfortunately we don't have the income of the customers at the individual level.



So what is the solution? Here you have two solutions.
One thing is to give up and say, okay, I wish I had that but I don't have it, so let's skip it and go for the next.
Another thing is, you still hardly believe if you have income or some sort of the variables that could be proxy of income is good. You see that from which way by using your current data you can actually create or data generating, create some variables that can be a proxy of that.
For example, we don't have the individual level of data for the income, but we know where people live. For example, we know what is their postal code or in the neighbourhood they live.
And from the census data we can see what is the average income of people who live in that neighbourhood.
And I use the average income of the neighbourhood as a proxy of the individual income.
Other things could be, if I have the occupation of people, I can consider that as a proxy.
So these are the things that comes to the mind.
So from this perspective, you can see what is the value of not directly looking into your current



data in the first place, because if you simply look at your current data that you have in the first place to decide and pick which variables to choose for predictors, you can easily for example skip anything about income because you don't have anything -- I mean column income.
But when you start with mental model, and you come up with the income as something that's really important, so you try to find a way and see that which way you can create that variable even if you don't have directly access to a column of income at individual level. The other things -- imagine in your brainstorm you come up with the fact that the weather is really important. The flier in the rainy day versus sunny day it might significantly change the response. Might be linked to the mood of people or whatever else.
Okay?
But obviously, if you look at the CCS data I will show you you don't see at all the column named weather in the past we send the flier.
But if you insist and you really believe it's important, you know in historical data in the past for example which day you send that flier to another customer and with API you can link it to the weather



dot com and see what was the Vancouver weather in February 20, 2025.
If you really want to do that. Okay?
Which means by feature -- we name it as feature engineering...so you can create these variables and all these things happen when you first start with the mental model.
So that is something -- we want to try that together with the CCS data. The strategic pay off of building a mental model before like the diving into the data is like this.
It forces creativity. As I explained to you. You don't create any bias to just limit yourself to what you see as the columns and variables you have. It creates a road map. Gives you sense of what predictors can exist and how can they potentially impact the outcomes and it can give you better data by feature engineering you do in the future. There are different variables, different types of variables, we can have single variables as continuous or categorical variable...and there are deferent ways of exploring or showing them so you probably also learned in the other courses you had, data visualization, when you have a categorical variable, gender for example, you want to



see, what is the average response across the different genders so you can actually have a bar chart.
Okay?
So if you have a continuous variable you can have scatter plot. Different things to actually show like what are the patterns or variation in your data and also about how the two variables are related to each other.
So if you have two continuous variable, numeric variables, we have scatter plot, can see the correlation between two variables. If you have two categorical variables the chapter I gave you, it you can learn there's a cause for test. Which test the association between two categorical variables and this is something you need to know and use it in different occasions for different purposes you need. I don't want to go through that -- just in theory.
I want to give you a break. So for like 15 minutes.
And after the break, we want to go through this Canadian cancer society case.
First of all, practicing all together, mental model, okay, and after that, I want to just bring a data, show you -- how we process the exploratory data analysis for it. Okay. Let's have 15 minute break.



Come back at 4:10 and then we will start to work on this mental model. Discussing and going through see step by step the process we do.
[Break].
INST SOLEYMANIAN: Okay. Let's go through this case.
Quickly.
So you have access to this CCS -- the case. I up loaded the data dictionary as well under module two and the data. We don't want to look through the CSV data now. We will do after making this discussion but for now, I want to first remind you about what we talked about last week.
So we said that CCS had a business objective.
So if you want to follow that kind of the frame work, the business objective of CCS is [reading].
That is the objective.
They have a high value monthly giving program and because all the non-profit organizations continually looking for getting donations to have a sustainable long term contributions so that's a goal and objective. What is the business problem?
The business problem is the CCS has a limited budget. Limited resources. 20 thousand dollar marketing budget and if they blindly and simply spend this money to attract people to the monthly giving



program, okay, it can be a waste of money. Why? On average adoption to the program if we send to the average people is one percent.
Okay?
It costs the company two dollars per each because it costs money to mail the flier, invitation, whatever you name it as a cost imposed there.
So sorry. Okay.
So the business idea of -- from this business challenge that we have is that, instead of mass mailing, the idea that comes here is use donor data.
Historical data that we have. To intelligently target only the one time donors most likely to convert. Instead of sending blindly to -- now we have budget to send to ten thousand people. 20 thousand dollars budget. Each mail is two dollars. Ten thousand mails that we can send.
Instead of blindly sending to 10 thousand mails to the contact list that we have, imagine we have a million contact list and randomly send to ten thousand, try strategically given the historical data if we can know with any magical skill or whatever, if we know we can differentiate people or prioritize them.



And spend this 20 thousand dollars and sending
10 thousand mail in that direction it can be more efficient. That's a business idea.
In order to reach out to this idea we define analytics problem. The analytics problem is the prediction problem. Each one time donor -- we have a data base. Anyone who donated once in the past, CCS, millions of people could be, and many of these people in the past we had some effort to contact them or reach out to them for doing something, and we could capture their responses, okay?
So the prediction problem is, for each one time donor, can we build a prediction model to estimate the probability they will convert to the monthly program if we send them an appeal?
That is the prediction problem that we have. Okay?
So obviously, that is the thing that we hope to

get.



It's a prediction engine.
This is something that we want to build. For

each person given the Xi it comes into, we insert into this engine, we want to predict what is the probability customer i, Yi is the customer i response.
That's a thing.



So in week five, which we talk about logistic regression we go through this process and train the model and now we want to practice this mental model. Brainstorm. If you are the managers of CCS, with the knowledge of the context, and knowledge of the donation, all these things, what are the potential predictors that it comes into your mind?
Let's list them.
Tell me what are your thoughts.
Anything that comes up to your mind, no matter whether we have that data or not or like in the past. Imagine we can get access to the historical data of people -- anything that can be Xi. Customer i. The demographic of the data. Anything. Historical donation pattern of that person. Anything that is there. So what are these?
STUDENT: Their relatives have had cancer. INST SOLEYMANIAN: I will write.
This one is could be a one and 0 -- if we have any form of that. And justification is very clear. Emotionally or from other perspective, attachment or perceiving the importance of progressing the research in that, so people can perceive better if they have a close contact with a cancer patient.
So that could be the things.



Any other things?
KENT: ...
INST SOLEYMANIAN: Yeah.
In the past, so how frequently if -- or how many times they donate in the past.
Anything about those things.
I can name it, label it as past engagements, historical engagement. And it can be different variables for this.
One thing could be how many times this person donated in the past.
Okay?
Or how frequently donated. How frequently they actually responded in the past.
Whatever else could be there. I name it as past engagement.
Something that I mentioned previous discussion is age, gender, those things could be also included.
Yes.
STUDENT: Number of house hold dependents and their income. INST SOLEYMANIAN: Yeah, their income.
House hold number or dependent. Marital status.
Demographic part. Any other things?


STUDENT: Education.



INST SOLEYMANIAN: Education.
What is your justification for it? So different education level. Again, might perceive differently the value of this. Probably with a higher degree or post secondary degree so people know or perceive, how important could be doing the research, and how it's kind of the needs heavy resources for that. It might be more chance if you approach people -- education.
So any other things?
Imagine -- so we are in a decision point at we want to build a model at some point, make a decision and anything we observe before that, for these people we have. Something add is recency of donation.
How recently the person donated. We have the past donors, but whether the last time this person donated was like five days ago, or it was 5 years ago.
Okay?
That is something we can have.
And someone could say, this person -- the person that it was more recent, it can be more activate compared to the person that, in a contact list we have a million people, the whole point is what are the Xis there we can imagine can impact the response. Recency is something we can have there. The average donation amount in the past. We added past engagement with how



many times you donated but how much? Might be two people. Both donated three times in the past but the average donation of person one was ten dollars and the client two is 100 dollars.
Okay? So average donation amount. Many things that can come up there.
Any other things?
Hypothetically, any creative things you can add here or something that can be there?
STUDENT: Volunteer hours, assuming good people donate money but also volunteer hours.
INST SOLEYMANIAN: Okay so you mean for each person if we can observe -- so the volunteer hours for what?
STUDENT: The amount of hours an individual volunteers tells you if they are a good person, more likely to donate.
INST SOLEYMANIAN: Yeah. Yeah. So as I mentioned, it's not required to be worried about whether we can get access. Just listing.
STUDENT: Maybe look at self employed or not.
INST SOLEYMANIAN: Yeah. Or even like occupation in general, whether you have any kind of management level work or other stuff so yeah, occupation or self employed or not. So I name it as occupation but we can divide it into deferent categories.




STUDENT: I think the donation structure is different when you are self employed.
INST SOLEYMANIAN: Yeah. You say for the tax purposes.


STUDENT: Yeah. Could be.
INST SOLEYMANIAN: Yeah. That's a good point.
Yeah. These are all the things.
STUDENT: Age.
INST SOLEYMANIAN: Age.
Yeah.
So I can also add gender, someone else could say ethnicity. Like, there might be some differentiation. Who knows?
So those are things that we have.
So and it comes all these things into the mind, something else if we have access to the historical donation pattern of each person. Something I can add and potentially can have, so I can define a variable named the momentum of donation amount.
So imagine we have two people that both of these two people, they donate three times in the past, both of them are average donation amount is 100 dollars but one of them started from 150 dollars and it has decreasing pattern. Another person is started from 50



dollars and it's going up.
So I can think about probably these two people might show different response.
So I name it as momentum or whatever you name
it.
So this is one of the examples. It's hard to
imagine even to see that in the data, ready to be used.
But this mental model and trying to extract anything that comes to the mind and brainstorm and not limit yourself, give you a chance to discover these things. This momentum is something that can explain a good part of the response. So even we didn't have.
So we can construct that variable given the historical data we can construct that variable and people with a positive momentum, negative momentum. Imagine I have a categorical variable, positive or negative momentum. I see the positive or negative momentum what is their average response rate. That's one Xi that is considered.
Given all these points, here I have the things.
So I actually classified the drivers of conversion into different things. It can be about past giving behaviour. I can have relationship and engagement.



And something else inferred and engineered factors. As I mentioned to you for many of the variables probably we don't have exactly the same. For income, we don't have income variable but we might be able to infer or engineer variables and name it proxy of income. The income -- the average income of the neighbourhood that the person lives.
Or based on the postal code or whatever. So say what is -- whether a person lives in urban or rural area. Those things.
So something else that I don't know but it might be -- someone could say, whether you live very close by a hospitals or not.
Okay?
So we know where is your postal code, the location you live and address and you can find the distance with the hospitals.
I can create a variable. Numeric variable distance to hospital as -- it's hypothetical. Might not get anything significant but this is something I can come up with.
So these are everything I come up -- and we have it. As you can see, so when we list all these things, then we get -- we see the data, first check that which of those variables that we hope to get is already



available and ready to use, which of those ones is not available yet, but it's possible to construct them, for example, for age. Probably you don't have age but you have date of birth so you can easily convert it to age.
So you can build exactly the same variable that you hope to get.
Some like income -- even with some feature engineering you can't get the exact measure but a proxy of that.
Okay?
Those are the things.
So but understanding what you have whether limitation is pretty important here.
Like, here are -- when I look at the data, as I will show you, you have a data and I check -- I see here are something that we have.
The direct match -- I have something in the data which is years give. Year give in the data set it's about for how many years this donor is the client or the donor of CCS.
New?
Just joined last year? Or there for ten years? Shows a kind of tenure or in some level of loyalty of that.



We have something that giving capacity. So it's actually proxy by average donation amount and last donation amount. These are variables we have. We know the average donation amount of each person and the last donation amount of that.
We have the donation frequency, per year, geographic and socioeconomic and proxy at aggregate level. Not individual level. Even for age, we don't have the age of each person but we know in that region the person lives based on the census data, so what is the average age or what percentage of people are young or senior or, those are the things. For income, we know the average income of people in that region, neighbourhood and so on.
So those are the things we have.
There are identified gaps so that we don't have access, individual demographic we don't have. We don't have the communication history.
We don't know because someone could say, one of these things is how many times the CCS contacted this person in the past.
That may impact.
So and we don't have that in the data.
And this is gap. So acquisition channel. We don't know -- at least in this data. We can request



CCS if they have. What channel they joined or first they started to donate. Whether referral from friend or offline or event or online things. Searching Google. The channel. The donation timing. We have the aggregate thing but don't know the exact date.
That's a gap that we get.
So but value creation.
Like, these are something that we can create. As I mention.
So the first thing is donation momentum.
So I created a variable as a ratio of last donation amount over average donation amount.
If last donation amount is more than average donation amount for each person, what does it mean? It means the person has a positive momentum.
Because the last donation amount of -- the person donate five times in the past, and last time that he donated, it was more than the average of his behaviour in the past.
So it means that he has a positive momentum.
Compared to the situation that this ratio is less than 1.
So I just created that.
It was not there but I believed that it could be -- it could explain part of that response of people



beyond those things that we have.
Another thing, like, donor loyalty. Create another variable years give multiple donation per year. So how many years you have been because we don't have any -- how much total you donate. We know the donation per year and how much you have been with CCS. We can calculate the total donation you made.
Someone can say, yeah, we have something named average donation amount.
Average donation amount is good to know like whether the person is very engaged, but if a person is super wealthy, getting a signal this person donated in the past 100 dollars compared to another person who is an average person that donated 100 dollars those two
100 dollars have very different meanings. I created another variable it can be how generous you are. Whatever you name it. The ratio between average donation amount of that person and the income.
Compared to your income that we don't have individual level income but the neighbourhood income, compared to that what is your donation amount in the past?
That is another thing that -- it can be a level of how generous you are. Initially you may think average donation amount is showing in the past but I'm



giving example, two people could have different level of wealth, so 100 dollars has different meaning for those people.
Urbanicity index and other stuff. We get
this -- this is -- it's our way to go through actually something that we name -- in a data dictionary. I shared this on Canvas. Shows you what we have on this one.
Okay? So you can see what variables you have.
And in the CSV file I shared, you have access into raw data. Before jumping into that, let me just talk a little bit about something else.
So last week I shared with you some tutorial for R and R studio. We mentioned we will use R in this course but the good news is you don't have to be an expert in R.
So there are some very basic things that it would be great to get understanding if you have not done it yet.
So to know the environment of that, how are the different part of it, so, but in order to write the code -- so you can easily get the help from AI.
And I shared with you some kind of documents like under module two it's AI as your coding co-pilot. For example, let me just get this one.



I tried to explain so how you can use the prompt or different ways if you have a data and you want to simply use ChatGPT or clog in a effective and efficient way for coding. So how you can use that.
And so simply getting the code from it, given the task that you define and then actually use it get that for that.
So something which is very important, it's always you need set the context. You should give that any of these AI chat tools like the data dictionary so understand what are the variable names. If you want clean code, doesn't have errors you need the exact name of the variables. The type of variable that is there.
So when context is known, later you can work much better.
And for the prompt and writing the prompt it's important to make it very clear. So that -- what is the specific task you want. That's something I actually have it here.
So imagine -- this is for the CCS.
Something I wrote and copied here for your reference. You can try it. Imagine this is the first master prompt. You are expert R programming assistant so this is the thing. My data set is CCS under score



data. That is the data that we imported into R so and here is the data dictionary. It's indicated what are the variables we have and the type of variables or the level.
And all these things.
So and like something that we want to get is for example I gave a prompt after giving that context, so I wanted to get a code for getting the break down of donors who joined the monthly giving program in a bar chart. I wanted to get a code to run it, and get bar chart, what percentage of people responded positively and what percentage of people responded negatively in general so I use this and created code. I will show you here is the code.
So whenever you start using R studio, like, we write the codes in R script, okay? So the R script is environment we write the code you can save it and use in the future. Show you the data you imported or any variables that's defined or so. We have a con sole that shows everything that's running there and here if you have a plot or working...that you are in, it's something you can get it here.
So --
So the first thing we get is typically importing the data.



So and when you import the data, you get anything that is already known by R or R studio it should be shown here. If you don't see anything here it's not yet defined. If you CCS under score data which you need to read that data from your computer these are the things in the tutorial. I don't want to repeat here. Review the resources I shared with you if you are not familiar with this.
So when you have a CCS data, like, you can just click and open it. 1600 donors...in the data dictionary we have there. As I mentioned we want to first do the conversion count. This is the code ChatGPT gave. Given the prompt I provided.
Simply you can run it and get results. How much of the donors when we send them the flier they responded, and how many or what percentage of them they didn't respond. In this case it's 50 percent, 50 percent.
So it's actually the subsample of data.
You can have a bar chart. The same information instead of table, having in a plot to visualize. You don't need to write your own based on your own knowledge. For example write this code and say, okay, use the GG plot function, you should know for example you really want to have this visualization.



Okay?
So you can write it as prompt, okay, I want to have a bar chart and I want to show what percentage of customers joined and what percentage of customers I mean the donors didn't join.
Give me the R code for it. To be polished nice.
It gives you the code and you copy that.
But something that the reason I told you so important in the chat or whatever you have, you provide the context, because when it wants to give you the code it comes with the names of variables. R needs to know what are the names of the variables in your data set. Because of that you should make it clear. What are the exact names.
Because if the names are not correctly read here, you get error when you run that.
So that is a thing that we have here.
Somethings else I came up -- I wanted to know, for example, in CCS the data that we have is for 6 different regions. We have data for Vancouver, we have data for Fraser valley, and for Vancouver island, okay, we have data for Kelowna area. Six different regional locations.
So and something that can come up to your mind, again, insightful to know that across these regions



whether it's response is different or not, yeah, in this data, the average response is 50 percent.
But whether Vancouver across Fraser or other ones, we get the same or not.
And without knowing the coding, you can give the task to ChatGPT and say, okay, I want to have another bar plot and in this bar plot, I have a variable which is the region, categorical variable with six different levels. I want a bar plot that shows, what is the average response rate for each of these regions.
And it gives you if you give that prompt, it actually gives you this code. This is the code you get.
Sorry.
This is the code that you get.
It aggregate on the region level and find the average response rate and you can run it and get that. This is the results.
We have six regions.
Actually shows you what is the percentage of people who join and the percentage for different regions -- the percentage people they adopted to the monthly giving program. You see a variation. The average is 50 but in some regions, R two, in the data it shows R one two and three. In the data dictionary



you know what is R two and that's the Vancouver one.
So we see R two has the higher one. Over 50. R five and six are much lower than that.
Okay? That's the average that we get for each region.
This is just exploratory data analysis. We haven't run a model yet. You see the differences in the distinction but whether this differentiations and differences are meaningful statistically significant or not. Someone else could say, I wish I could add the confidence interval to each of these bar plots.
So for example I know for R two, the average response is over -- like 60 percent. But what is the 95 percent confidence interval of this response?
You can have a confidence interval for each.
You can tell ChatGPT add the confidence interval for this for me and up date the code for you. Adds some part to that code and you can run it and get -- add the confidence interval. What is the value of confidence interval? If you add it to that one, it tells you not just the variation in the point average and point estimate of that, but also whether they are statistically and meaningfully different from each other or not.
If the two confidence interval doesn't have over



lap. So imagine for example R5 you get the confidence interval is this, and for R2 another confidence interval. What is the meaning of this value here? R five without confidence interval. It's telling us R five region in our data set, which is the very low number of samples, the average response is for example, I don't know, 35 percent or so but does it mean -- can you generalize that to the R five region or just 200 people in your sample?
If you want to generalize the results you got, to that region, go beyond the sample, you need to rely on a confidence interval. For example, with 95 percent confidence you say it's true in our sample our average that, but we can generalize it to that region and the range of response is that.
Lower bound and upper bound. And if this range doesn't have over lap with R two with high confidence you can see not just in your sample but in people who live in this region, on average they had a significant deference response rate. This is another thing we get there and we can also get something else. This is box plot for example.
Someone could say, I want to know for example for people who join versus people who didn't join, okay, what is the average donation amount? This is a



box plot we can say.
Someone else can say, box plot is not very informative. Because what do you get from a box plot? Gives you median that you have and also these are the out liars and all of this, but doesn't tell you for example what is the average or the confidence interval around that, it's not -- so you can just ask GPT to give you another plot. Give me the average with the confidence intervals.
Not the box plot. Something else.
Okay?
So in that way you can see that, is there any systematic pattern in the average donation amount of people who responded and who didn't. Or not? We haven't build a model yet. These are exploratory data analysis. EDA it's all based on what is our analytics problem.
There are thousands of potential exploration that you can do.
For example, you can see what is the relation between the income and age.
You might be curious. Is there a association between income and age?
You can put some effort in have some plots.



But question here is, what is the point of having that for your analytics problem?
Your analytics problem if you want to get insight and understanding, what factors could impact the response, so any exploration of data could be in a way that this effort could be justified for that purpose that you have.
Question.
STUDENT: If we are more comfortable using p-value to see if there's a stat deference between one bar versus another, can we use that instead of a confidence interval.
INST SOLEYMANIAN: Yeah. P -- the same, confidence interval and p-value are the same but different perspective. Confidence interval is more visual. It shows you visually this is the lower bound and upper bound and whether over lap or not. Yeah. So from that point, when we go through week four and five and later, build models and everything else we rely on the p-values. You can do the hypothesis test for whether these two groups are different or not.
And get the p-value.
And make it statistical inference of that as well. But for now, for this data visualization at this stage we don't want to infer too much because the



main thing later is we would build a model. Here we are doing, just exploring the trends, the variation that exist. Whether variation exists or not. For example, why I actually wanted to do this.
The first thing I did was this. So in the data, this is the months give, the target outcome which is important I want to predict. Whether people respond or not. Yes or no.
Okay?
Imagine this is the goal.
I want too rely on this data to get understanding how the different factors can impact the likelihood of responding to the monthly giving program. If in my data all these columns were either yes or no, all these one thousand 600 data points I had, there were respondent.
Positive respondent or adopters to monthly giving program.
This data could...be used all for this purpose of work.
Because in order to get insight how the factors impact the likelihood of whether people respond or not, you should observe the variation in the target outcome.
You should observe some people that they adopt



it and some people who didn't adopt it.
Who didn't adopt and then see how different levels of X could be linked to the variation in Y.
So you need the variation in both X and Y to find out the relation. If you have a data set that there's no variation in Y, how possibly you can capture the impact of X on Y?
If you want to capture the impact of X on Y based on historical data, the historical data should give you opportunity that in some situations when you change X you get a change in Y and that's a way you can see, I increase age and I got the likelihood of adoption is going up or going down.
But if everyone in your data there are adopters, or everyone in your data are not adopters, there's no way to do any of those works.
So because of the first thing I did was looking into my target outcome.
And I have a perfectly balanced things. I have one of 1600 I have 800 adopters and 800 non-adopters. Now I get a chance to see the characteristic of adopters and the not. Are the demographics are different? Imagine you want to know that, whether the average donation amount make an impact on the probability of adoption or not. I showed you -- this



thing or this box doesn't show much but imagine we have the confidence or so. Imagine there's no variation.
No variation in the outcome. Everyone are adopters.
Okay?
How you can do it. Or you want to know what the is the difference in the regions?
In the sample that you have, you just collected the data for people who adopted.
So you can't capture the differences of the response of customers across the regions in that way.
So these are the difference things like for task four it's something else.
This is something else that quite interesting actually.
For me was interesting.
Just remember remind you that I created a new variable named momentum segments. I mention it's not in the origin data. We don't have anything on momentum.
Okay?
So but I created by...I calculated the ratio of last donation amount over average...if it's over one, it's like the person is getting positive, if it's



negative, it's -- negative -- if less than one it's negative momentum and we have the consistent giving is equal to one.
Okay? Average donation amount and last donation amount is the same, the person just donated once.
It's the same then. In addition to that, if in the past the person donated more than once and in both times donated 100 dollars, the ratio is equal to one. It's a consistent behaviour.
So here, I find for these different segments I have, it's actually -- I have here these are the number of customers -- number of donors with tree different segments. These are consistent giving so probably one time donor. Can't say whether positive or negative things.
The decrease giving, 300. Increase giving 275. So yeah. Probably these people because this is really hard -- probably I said if this ratio is equal to one said consistent giving but probably they are one time donors. Just donated once.
When I compare the increase giving and decrease giving, people here and compared to people here, what is the average response, it's interesting pattern.
People get a positive momentum, if send them a flier or whatever, there's a higher likelihood of giving a



positive response.
That is something that insight that's captured by this.
But haven't put it yet in the model. We want to do that in week five.
So something else, I mentioned, we can actually create confidence interval. As I mentioned to you.
What is the point of that?
So people with increased giving, 273 people with increased giving.
Average response rate is 72 percent.
Decreased giving, 56 percent. Consistent giving
41 percent. Okay?
So but as I said, this is just our sample. Can I generalize and say people in the population with this behaviour, whether different or not? That's something I can rely on confidence interval. It's way more -- this is -- for these two it's very I think it makes sense. You know?
What could be the explanation for this?
So consistent giving, why is giving very low? Any thought on it?
I defined the variable. The name of the variable is momentum segment.
Okay?



Based on that ratio, I have three levels.
Consistent giving, decreased and increased giving. For consistent giving, which is the ratio is equal to 1 it's much lower than the others.
So why consistent giving versus decreased giving I get less? Explanation in your mind that can explain this pattern?
Because the deference between these two makes total sense. People that they have positive momentum versus people with decreased -- negative momentum makes sense to have higher. But what is the interpretation for this one?
Yes.
STUDENT: Possibly they are already donating other ways or another person in the family or house hold?
INST SOLEYMANIAN: I'm saying these people have consistent giving. By definition the ratio last donation amount and for the average is one. 1000 people.
For this 1000 people, the average response to adopt the monthly giving program is less than other people.
STUDENT: Lower because the monthly spending is not like fixed, may be one months people spend more or another year they spend more and don't have as much to donate that year and the --



INST SOLEYMANIAN: How can explain this pattern? Can you come up with a scenario this pattern could be explained?
And it doesn't look counter intuitive. Because to me, this looks counter intuitive. Doesn't make sense.
STUDENT: Mixture of people who donate once and...
INST SOLEYMANIAN: Yeah. Two things here. That's a limitation of just relying on exploratory data analysis. Here it's showing -- we have a variable named momentum segment and by definition, what is the definition of the variable. Three levels. Ratio equal to one, ratio less than one, and greater than one. Based on that definition, people with ratio less than one and over one, they donated more than one time.
Because if you donated just once, there's no way that that ratio could be different from one.
Okay?
So but for people that the ratio is equal to one, consistent giving, there's a mix of people they just donated once and because of that we see this ratio is equal to one or yeah they donated many times and always they donated the same amount. We are not differentiating those people. So this difference that



we have seen, between consistent giving and these two groups, saying the consistent giving has a significant lower response rate compared to these two, big part of that could be related to the fact that so whether the person donate once or more than once.
We are not controlling for that.
So we see the difference between -- for example,
41 percent and over 50 percent for that. Those groups.
So the big part of this gap could be because of not having consistent or decreasing or increasing, it can be because of by definition, these two groups are naturally different. Might be one time donor and more than one time donor. If we separate that, we should exclude one time donor.
And say that, for people who donate more than once, see who are the consistent giving, who are the increasing and decreasing momentum and in that way you can separate that effect.
So that is a whole point. It happens a lot.
Always.
So seeing like the just the plot it doesn't necessarily tell us for example these variables can drive something because there might be other confounding factors there.







that.

And in this case the number of donations.
Which by definition this ratio is con founded in


How we separate?
The solution we have is typically when build a

model, in the multiple regression or so the models --when we add the controls there and we will talk about it in weak four and five. That's the whole point of having model. After fixing one variable, if the other variable changes how it impact the outcome.
In that way, we can separate the impact of momentum segment and the number of donation.
That's the thing which is the distinction.
STUDENT: Question on the new donor category. Variable.
So the new donor is donated once but --INST SOLEYMANIAN: Not just about donate once --STUDENT: Time.
INST SOLEYMANIAN: Recency.
STUDENT: The values are just...
INST SOLEYMANIAN: Yeah. By that definition for that, new donor is not about once -- whether donated once or not. In that data dictionary it means whether by some definition they donated -- they joined CCS very recently or not.
STUDENT: Donor per year equals one for example, that could



also mean that they donated several times but the frequency is once per year.
INST SOLEYMANIAN: Yeah. For example, if you started donating ten years ago, over the ten years you donated ten times, donation per year is one. That's a thing that we get. Here is like the just I want to show you some exploring the data.
We don't have time to go through the tele communication. I want to stop for the CCS. We learn about EDA not just the technical point but the conceptional part. The position of it. Before building any models how we can explore first of all before jumping into the data, the scope, the variable types that we have.
How we build the mental models.
How we actually come up with the brainstorm for try to do feature engineering in different ways. When we want to do analysis, we see that and you can review the AI co-pilot document and showed you and I recommend you to practice on your own to put it on ChatGPT like the chat session or cloud or Gemini so and try with that. So get the code. And the good thing about that, even if you run it and get error you can copy and paste the error you get in R studio in the chat session and see what is the issue.



So here is the work flow it works. You can see, we no longer need to be expert coding but important to know what you want to do. ChatGPT can't decide for you what exploratory analysis to do. I told you if your goal, if you have a specific objective or analytics problem, okay, it is a waste of time and effort to do many alternative exploratory things. In the data CCS we have many variables. We have
probably -- we have a variable like average income, and we have another variable of last donation amount.
Someone could be curious that is there any very significant positive correlation between average donation amount and the income?
Any exploratory data analysis before you do that, try to think and see so what? Why? I want to do that.
What will be the insight I want from it.
And how it's aligned with what is my objective? And if there's no answer to it, stop.
So because here for example we have 20 variables and you can imagine there are thousands of plots you can imagine to create.
So but that's your job, to just first look, what is your objective what is the analytics problem you want to have. And given that, explore some sort of



patterns or anything that is actually helps you.
Okay? So that's something which is important for us.
For example, for this one, it makes me more confidence for example to include that in my model I want to build later. Logistic regression or those things.
This having this plot is giving me insight. I get some initial evidence that momentum can play a roll. It's showing a pattern to me. Still might be alternative explanation as you mentioned. Might be con founded with other things but preliminary analysis that give me some sort of confidence to go forward for it.


class.

So that's a thing and we are done for today's


So for next week, we actually want to talk about

unsupervised learning and segmentation, which is and methods in it, and I will share with you later tonight the readings. Start this week is back to Canvas. I create new module, three, on Canvas and on week three module and I put the documents that you need to review.
Or video -- whatever. And I share with you as announcements and instruction to be prepared.



Again, reminder, don't forget to submit the survey if you have not yet.
And similar to today, next week we will have the quiz based on this pre readings that you have. Thank you.
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