






BUS 445 - May 13, 2026

..............................................

INST MIREMAD SOLEYMANIAN:	Okay, good afternoon, welcome to BUS 445, the customer analytics for the summer of
2026.	I'm excited to start this journey all together in this term, and as I mentioned, and so for today's class in the week 1, we are going to cover different things after just having a very quick introduction.
So we talked about the course philosophy, because when we talk about analytics, it could be a really broad area, and it would be good to know first of all, what is the scope of this course, and what is the expectation, what is the philosophy and approach that we follow in this course, and going through the topics of customer analytics, and having some kind of introduction between bad analytics and bad ones by providing real examples and real cases to establish first of all in your mind that what is the focus of
our efforts in this term.	And I review the kind of syllabus, the kind of workload that you have in this term, and the logistic of the course, and as you know so the class is like three hours, so the first part of that is a lecture time, and followed by the tutorial section.
So about me, like I'm Miremad Soleymanian,
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assistant professor of marketing at Beady.	So I got my PhD in quantitative in Sauder in 2019 in UBC.	And after that I started my job here as faculty member and assistant professor, and beside the teaching, so I teach mainly the customer analytics of those undergrad and master level.	And I'm also a faculty at UBC Sauder, and I teach customer analytics, data-driven marketing for the master level courses there.	So probably you heard about the IMBUS, basically the same course, the title of the course is the same, the customer analytics, a little bit about the qualitative it could be a little bit relevant to our course.	You are all familiar probably with the marketing, because
I think you took the other courses in marketing, so

but what is quantitative marketing?	So we all know that in marketing, the goal is to understand the consumer behaviour; okay?	So if the interaction between the firms and the customers, so the marketing team, in order to provide a more effective and efficient, like, strategies, they need to understand how the customers behave, what are their preferences, what are their needs, what are their reactions to any policy change or pricing change or promotions; okay? So that is the goal that we have, and it can help us to make better decisions.








At the higher level of the PhD level, so we have different streams.	In order to reach to this goal, which means understanding the consumer behaviour, in some cases we borrow the theories from psychology, because psychology can explain some sort of human behaviours.	And by borrowing those theories, we can bring it here in the business, I mean in the marketing context, and when we observe some behaviour, we can
see that how those behaviours are compatible with or aligned with the theories in psychology.
So in one stream of marketing shall at the PhD level, we have people that come from the background of psychology, and they do research in that way.
In quantitative marketing, our goal is the same,

our goal is still to understand or explain the behaviour of people, but we borrow the theory from economy, using the economic models, the mathematical modelings, and if we have access to, for example, the reach Big Data, we use the statistical method, machine learning algorithm, by combining those things with economic models to do the same job.
So that is the thing that we do in the empirical

research for the quantitative marketing, and personally my main research of interest and research stream is on, like, new technologies and marketing,








how the customers perceive the new technologies, how these new technologies re-shape the businesses, the businesses and the customers' behaviour, their reaction in different contexts.
One of my main research area is in the insurance industry, auto insurance, and like there are some kind of new technologies based on Internet think (?) that instead of traditionally just providing the customers insurance products based on simply their historical accidents, they provide the companies, they provide
the device to the customers.	They plug in the device in their car, and the company can track the actual driving behaviour of you.
And based on actual and continuous monitoring of

your driver behaviour they set your premium.	It's no longer on your demographic or where you live or whether you had any accident in the past or not.
Theoretical you can see that it could be a much

more efficient way, because it can differentiate people and their...in a much better way.	But from a marketing perspective, there's a lot of questions we can ask, how people react to these new technologies from different perspective whether it changes the behaviour of customer, whether this technology, constantly monitoring the driving behaviour, it could








be a trigger, an incentive for people to change their driving behaviour and be a saver driver.	Whether it can actually change the pricing mechanism between the company and the customers.	And also from privacy perspective, what are the barriers in the customer's mind to adopt to all these new technologies.
This is just one example in the insurance.	But you can easily extend that to other things.	We all use a smart watch, it could be the Apple, Garmin, Fitbit, and we know through the sensor data, it's collecting lots of personal -- the individual level data of the customers, and there could be sensitive data, and the question here is what is our attitude toward sharing all this kind of data.
This is something that I do, and in order to answer these questions, as I mentioned I'm a quantitative researcher, I combine the economic models, just -- and building the mathematical modelling, and when I have a data, I use a kind of machine learning methods and the statistical methods to actually make some kind of estimation, and answer some questions that we define for the research.
So that is something that we do.	And like as we talk, like, today, and create a kind of the base line in your mind and what is this course about, you can








see that, like, lots of things that I mentioned about the field of study we have is very closely aligned with what actually this course is about, the customer analytics.
Before going and discussing the customer analytics concept, I want you to actually think about this term.	And I want you to just with this QR code or this link, you can scan it and I want you to write the first three or four words, that it comes to your mind when you hear "customer analytics".	Before
having a discussion on it, I want to know what is your initial thoughts.	So when you hear "customer analytics".	Please just scan it, and just in a
minute, I want to give you one minute, and share with

us what you think, and I will show the results, a summary of data, and I want to make it kind of the discussion based on that.	[Pause] okay.	I just want to lock this, and just see what are just a summary about the results.	Okay, this is the word cloud and probably you saw this kind of tools before.	So which actually shows to us a big-picture of what is the frequency of the words that its using in your answers, and when it's kind of in the centre, and bigger, it shows that these words has been written more often.
So obviously the customer analytics, it seems








like many of you emphasize on the data component, which we can interpret in a way that you probably believe that when we talk about analytics, it must be some kind of data.	It could be the observations we have from the customers.	So because any kind of analysis that we want to do or making some decisions, it should be supported by some data, which is true;
okay?

We have other things here.	Obviously it's in the context of marketing.	We have some segmentation, the behaviour, advertising, so the graphs, we see the feedback, the business here, predicting or predictions, having insight, technology.	So -- and preferences.	Like we see different kind of things. Decisions, so the dashboards, you can see here the terms that we see here are a mix of some kind of tools, some kind of concepts, and so on.
So the question here is what is really customer

analytics, and how we can define the customer analytics in a way that it can actually include all these terminologies in the right way, and we can position all these points on their kind of the cover of this kind of definition.
So I have two definitions that I want to talk

about the distinction between these two.	The first








thing there might be some kind of belief that customer analytics is using data about customers; okay?	This
is not wrong, but we will discuss that.	This is not the complete version of defining the customer analytics.	The mind-set could be the output of customer analytics is to have a really good model.
And also it could be that okay, the job of an analyst is to write a code, to write a code, get the results
of the model, and this is the main job that an analyst should focus on that.
So as I will talk about later with some examples, this definition is not complete, and it's actually really weak.	If you position yourself as an analyst in this way, it's really, really hard to survive in these days.		A better, stronger definition for customer analytics is, yeah, we use data, we use models, but models are not the end goal, and we use our judgment to make profitable decisions, the
decisions that are related to customers, the decisions that are in the context of marketing.
So, for example, we all know that the 4EP

marketing what are 4P in marketing, the first P? STUDENT:	Product.
INST MIREMAD SOLEYMANIAN:	Product, yeah.

STUDENT:	Price.








INST MIREMAD SOLEYMANIAN:	Price. STUDENT:	Place.
OTHER SPEAKER:	Place.

INST MIREMAD SOLEYMANIAN:	Fourth one. STUDENT:	Promotion.
INST MIREMAD SOLEYMANIAN:	Promotion.

So when we say we are in the scope of marketing decisions, so any decisions that could be defined in any of these 4P categories could be related to marketing.	Product, what should be the feature of my product?	Should I add this new feature to the product they have or not?		For pricing, whether I should offer discount or not?	What should be the initial price? Place.	What is the best channel of selling my
product?	And promotion, so whether I should advertise, what should be the level of advertising. What should be the contents of this.	These are all the questions that we want to answer.		And to answer all these questions, you can imagine how it's crucial to understand the preferences and the attitude and behaviour of your audience, who are your customers.
If you want to make an effective decision about the

product, so you should know what is the customers' attitude about this feature. Imagine you work for Apple, and you want to know whether it's better to








actually increase the wrap.	Obviously increasing the ramp is a higher price.	So you should know how people and customers, potential customers are responsive to all these things.	And in order to make those kind of insight and information, you collect data.
So there are many questions in the decisions in

marketing that actually to make the profitably decision, so you need using data (profitable) and the models, and obviously also the judgments, these three things are really important.
Something that is really critical to know, the output in customer analytics is not model, it's a decision.		This is something that we really want to try in this course.	Every effort that you show in your assignments, in your final projects, anything, you should practice to convert it to some decisions. You shouldn't just stop at a modelling or even just the results section.		You should always ask yourself: So what?	How can I drive value and profit from this
piece of information?	This piece of information could

be the output of the model.	Estimated logistic model or cluster analysis.	And if you don't answer that
so-what question, your analysis is incomplete.	That what -- this is one of the distinctions of this course from the other technical courses that probably you had








in the past, where they took analytics, statistics, you know,...learning those kind of things.
And your job is to first of all frame, the directed work, evaluate, and translate the results into a value.
So this is something we want to do and the

reason that it's -- I'm emphasizing on the new -- like a philosophy, it's because we are in the era that it's no longer simply being a really good coder or a technical person.	It's not anymore any competitive advantage.
So the it has fundamentally changed, and it's

hard to ignore or skip it or just close our eyes and don't see.
5 years ago, 10 years ago, it was a huge game-changer, it could be a really good coder, in Python, in R.	Any task that was generated, you could do it really fast and write the code in a really clean way, and get the results.	But right now, just within seconds, you can do this task with the help of AI.	So the question here is, so we need to redefine our
roles, if we want to survive.

So that is actually the reality that we are in, and this is something that we want to do.
There's a really interesting article, it's not








mandatory, but I just put it here for you if you're curious and read it, I highly recommend it.	On Harvard business review, which discuss the four skills, that the next generation of data scientists need to develop.	We all know and we recognize data scientists as technical people.	But this article is
arguing that it's not if you want to survive.	In this class we have a mix of students, some of you are in business, some of are you in data science, so it's really good to know, in this era, what should be your position.	And this article emphasize on four
different competencies which is very, very important.

So problem spotting.	This is a very important skill. This is something that is really hard to be replaced by AI.	What is the real problem?	What is the real analytics problem.	And this is something we want to practice today with some examples I give you here.
So identifying the real problem and translating

that business problem, the way the business problem into a specific analytics problem is so important. And I will show you how not doing this job in the right way can cause, like, 100 million dollars loss
for the company.	So other thing is about the solution translating, after running the models and getting the results, how are you going to translate these








solutions into some profitably actions and decisions? That is also very important.	So this is the kind of you can find at SFU library, so if you search the article title, you can find it as I mentioned it's not mandatory, but I think it's just four or five pages.
It would be nice if you're interested to have -- to

pursue -- to be in the analytics in your career, so I

think it's really good to get into that.

So the question here is, what is your role?	And what is the focus of this course?	So analytical, technical environment, pure data science, and also in any businesses we have marketing strategy functions,
as I mentioned to you.	There are lots of business decisions in the marketing scope that the directors or the executives of the company are interested to make those ones, and we typically have a department, which is a technical department, a data science department itself.	Our job is actually here is to be a bridge between those two, and this is what we try to practice as much as possible to do this task.
So how we can convert those business problems and challenges into some specific analytical questions.	And in order to define effectively those questions you need to be familiar and know something in the data science field.	And also how you can








translate the result that you get from the data science team and convert it to the actions.	So this
is something that we name it as strategic bridge here. The strategic, we use AI, I encourage you to use it. I'll show you during the tutorials as well, how effectively we can use AI for coding.	So but we also acknowledge that the limitations of that, and what is your role there.	You'll see how it can facilitate all the work that we do.
So it can give us a really clean code, but you

need to specify the task for AI.	For example, you need to decide, for example, you need to run a logistic regression and get this kind of result, so now you can give this specific task to GDP, Gemini, Claude or whatever, and ask you to give you the code, or Python code, and it will give you a perfect code.
Or if you wanted to explore the data and have some data visualization, you are interested in having some kind of figures.	So you can specifically tell what do you want on the plot or whatever, and it gives you a clean code that you can easily run and get the results that you want.
So that is something that we want to do, and in this course we try to earn different kind of skills. Obviously we still need some technical skills.	So R,








using R and R Studio, I believe most of you used R

studio before in other courses, but don't worry if

it's the first time, as I mentioned, so I provide some kind of tutorial for it, and more importantly, AI can be a huge support for that.
So we talked about -- and we practice and get

some hands-on experience on featuring exploratory data analysis which is something we do next week, different kind of regression models, these are the technical skills we learn.	Decision tree, random forest, unsupervised learning for clustering, principle clustering analysis and implication of that in marketing which is segmentation.	So natural language processing, so analysing unstructured data, and like sentiment analysis, and most importantly, what is the implication of that in marketing.		So customer life advertisement modelling, and using live chart, return, AUC curve, all those things for assessing the -- and evaluating the accuracy of the model and choosing the best one, and causal inference, the A/B testing and analysis.
But we are not just limited to the technical

skills, so in porrow (?) we learn the other kind of strategy skills which is so important, and combine these two can give you a really advantage like in your








future career problem framing as we talked about today, choosing the methodological decision, that's your job to decide which method is right for that specific question that you have, interpreting the outputs, so how we translate the accuracy or the model output in the dollar value, into profit, and making
the right decisions.

So differentiating between causation and prediction, that is so important, and typically this is one of the most common misunderstanding that can lead to the wrong direction for the analytical works and projects.
So recognizing the analytical traps, those are something which is important, and, like, defending the recomings (?).	This is -- we have a 12 week journey. It's not 13 weeks because it's first of July holiday, and in these two weeks, you can see in the syllabus,
we cover different topics.	I categorize them into

Four different modules, the first two weeks, foundations, and then we move to the more kind of learning some toolkit, and week 3 to 6, and then strategic application, and the last two weeks are kind of the communication and...that we have.	Quick review of the deliverable and the workload of the course.	So we have weekly quizzes, as you can see in the








syllabus, the approach we have is a flip class-room, flip class, which means I provide one week in advance the readings, and pre-readings, so -- and you must be prepared and study those things, and I don't repeat those topics -- I mean those contents during the lecture.	The lecture time is more about using something that you learned; okay?, and have some discussions some kind of activities, and getting some hands-on experience.
And from the contents and the topics that I give

you the instruction one week in advance and you're prepared, we have the weekly quiz.	And it starts next week, and in total we have eight quizzes, and I
dropped the lowest mark.	So I consider the best 7 out

of 8 quizzes at the end.

So you will get two individual assignment, assignment 1 and assignment 2.	You have -- what is the due date, and the weight of them.	And also the group projects.	So for the group project, I'm still waiting to get the final list of students, because I think we are still at a drop kind of period, so next
week when it's finalized, I just not randomly, I share

with you a survey, and I ask you to submit that survey.	So it tells me a little bit more about your background, what has been your experiences in the








past, because I want to make the teams more balanced to ensure in each team there are good mixes of students, those that have more technical skills, businesses skills from different side.	And so I form the teams, to be honest, we don't know yet how many students in the end are in the class, but imagine if there are -- we get 40 students, so we get, like, 18, so each team five members, and I assign to each team like a project, and a real dataset, and something which is very important, so I give, like, each of the project to two teams.	I mean I give the same dataset to two teams, but I guide different teams to look at that from a different perspective.	This is a great
practice that you can see, even by looking at the same

data. So you can easily define a different analysis questions and actually calculate that from different aspects and different problems and issue and provide some kind of inside to make a different decision.
At the end in addition to having a presentation and a final report that you deliver, so we have in week 11 we have a debate.	I moderate that, I try to
in that session to learn from different teams that how

they looked at that from different perspectives, if there are kind of disagreement on something team 1 suggested and team 2 that they worked on the same data








and did not agree on it, it could be interesting and

fun.

Milestone 1 and 2 is indicated on the syllabus, and when we move further, I provide a much more detailed information and instruction for each of these milestones.
So and obviously we have final exam and pure peer engagement and participation.	You all know we have this Canvas disruption, no longer able to use Canvas.	As I shared by e-mail, I created a share folder on 1 drive, and I shared it with you.	And I created a separate folder for each week, and I putted any kind of contents (put) that you should have or be prepared or whatever else through that, and our main kind of communication channel is through the e-mails. So, for example, if there are any kind of assignments that I put it there on the one drive, but I inform you by e-mail and I provide you, again, the link to follow whatever it is or any kind of survey that you should
do or any preparation

STUDENT:	So our first quiz will be next week.

INST MIREMAD SOLEYMANIAN:	Yes, on next week's content.

After tonight I share with you a specific preparation guide for week 2.	I give you the small chapter and also small kind of guide to be prepared for week 2,








and from those preparation, at the start of week 2 you have a quiz.
STUDENT:	Is it online.

INST MIREMAD SOLEYMANIAN:	It's online.	So the quiz will be -- we will -- so we cannot use Canvas anymore, but we found that we can use the Microsoft forms, through Microsoft forms we can have a very kind of similar style of quiz, and you need to have laptop, iPad or eastern the phone, it's up to you (even) it's
multiple-choice questions, typically 10 questions, so

you need to have an electronic device in class for doing that.	It isn't necessarily need to be a laptop, but anything that is convenient for you.	And it's typically 10 to 15 minutes.	Any other question?
Okay, we have some kind of non-negotiable rules, that late submission is not allowed.	Specifically because to be honest we no longer have access to Canvas, it will be really hard to track, so if you
want to make that flexible, so please ensure you submit all the kind of assignments or any other deliverables that we set the due date on time (deliverables) and we don't accept just the late submissions for any of those things.
So disclosing the AI use is very important, as I

mentioned.	So it's totally fine to use it for your








coding, anything, but for any assignments or any deliverables, so you need to disclose which way you used the AI, and what is your own contribution on
that.

And there are different things that during the term, so we get -- and I also like put some of these stuff on the syllabus that you can review and work on
that.

So the Capstone is another thing that I mentioned to you and when we go further, I mean in week 2, 3, after finalizing the team I provide very detailed guideline and instruction for these things.
Any questions in analytical there are three traipse that are very common.	Eastern if you have really, really strong technical skills (even) this is something I want to talk a little bit about today, but we come back to these later in this term.	The first thing is accuracy trap.	So, for example, knowing that even a really very high accurate model can lead to losing money.	I give you some examples today, but we discuss what could be the reason behind it, but we
come back to this in week 5 and you learn it's so

different, maximizing accuracy and maximizing profit. They're not necessarily aligned together.	And if you're just...technical stuff, and you're trained to








build model with the highest accuracy, so there's no guarantee that you can provide the benefit to the company.	So this is very common.	Another thing we have is the churn paradox, this is another trap, it's a distinction between causation and prediction. Imagine you work for a company like Rogers, for tell
communication company, something which is so important is to predict (telecommunication) to understand what
is the chance that each customer is going to stay with us?	Whether they review or churn building model from
that.

But the question here is if you know who is most likely to churn or who is less likely to churn, is it enough or not?	And we name it as a churn product and come back to it in week 7 to see the strategy get implication and the strategy application of what you learn here and the distinction which is so important and the sleeping dog is another concept.	So we go
back to all these things.

So in general there are many traps in analytical word, specifically in customer analytics, besides learning the skills, we also want to discuss and learn about these traps, and most importantly, how you can
be equipped to actually avoid being in these traps.

Okay.	So we want to talk about some of these








big failure in the analytical world.	Really big failure in that, and by providing these examples in the discussion, I want to provide you a framework at the end to show you okay, what is the best framework
to ensure we start a customer analytics project in the right way?	The first case is -- that is very, very kind of it's a very famous case, business case, really big failure, it's about Zillow, is there anyone who knows the Zillow, what is Zillow?	Can you tell me
STUDENT:	Real estate marketplace.

INST MIREMAD SOLEYMANIAN:	It's a kind of real estate market place, founded in 2006.	It's actually a marketplace that the sellers of properties, they could lease their properties there, at the same time the potential buyers could go there and do in a much
better and easier way search and compare the

properties, it's a platform for the real estate

market.	It founded in 2006, and the core product that Zillow is providing was simply information, sharing information, being just a platform to have both seller and buyer, the two-sided market, and make it easy for the potential buyers, and reducing their search costs and also great opportunity for the sellers to promote their properties, put the property there, virtual tour there, sharing the picture of the property itself.








Obviously this platform is not something that people finalize their decision or make a purchase, but it was about a platform for sharing information, and it can facilitate the process of making decisions.
That was the thing.

So you can imagine as a pioneer in this kind of field, Zillow in the U.S., what do you think what kind of reach they could get in 20 years that they were active in the market?	Because each seller listed the property, they posted that property, all the feature
of the property, the picture of the property.	The

time that they posted, and listed, the list price that they put it there.	On the other hand they could see that what potential buyers they come and open the pages, and also they could have access to the final soled price as well (sold) they could track for each property how long each property was on the market, so there's a huge enriched dataset that they could look
at.

In one hand we can imagine like they could end up from the technical perspective, we can see that, for example, assuming that the company can end up having a huge, million dollars of rows of data, each row shows a listing of a property, and, for example, this is the listing ID.	And we know what is the








address.	The feature of the property.	How many bedrooms, the size, the age of property, lots of these things, a picture.	The list date, the list price,
sold price, how many days it was in the market until

it was sold.

And they had over probable, I don't know, 100 million records or whatever else.	And by using that, they developed and launched a tool that they named Zestimate, what is Zestimate, it's obviously a prediction tool that by using all those historical data that Zillow had, they built a prediction model that they can give for each property, beside having that what the seller is willing to sell, what is the
actual value of the property currently manage that you

had a very rich historical data.	You trained the model, and by providing some input, it can give you a really accurate price for the...
So that is the whole thing for the Zestimate.

And Zestimate -- so when they launched it because of the great -- I mean the huge rich dataset that they had, that was the most credible evaluation tool. Evaluation tool for the properties in U.S.
So in other words, each property, for example, that is listed, or its available, you can see the Zestimate of that property at the moment.	And it was








dynamic, it could change over time, because that model trained with different kind of inputs, and some of these could change over time, and because of that,
that Zestimate could change.	For example, if interest

rates changes.

If I don't know, we're in the summer versus the wintertime.	It could change.	The number of similar properties that are sold in the market in the last two, three months.	It can change that.
And obviously some of the features of the

property, the number of bedrooms the size, whether it has a nice view, all these things, that was the Zestimate, and these tool has been shown to be exceptionally accurate.	They argued that something that we have is over -- the accuracy of these prediction model and the Zestimate is over 98%.	It's a huge accuracy.	I mean the error, imagine that we have a regression, we do not want to talk about the technical things like that, but imagine you have a regression, and the R-square of your regression model is 98%, 99%.		Superaccurate.	I mean the error is really low.	And they were really proud of that, it was really working well.		That was the best benchmark for both sellers and buyers, because that could be good for both.	And there was a huge trust on that,








for example, as a potential brier, buyer, what would be the value of this Zestimate, you see that a seller listed a property for 1 million dollars.	That is a preference of the seller, what would be the value of this Zestimate for you?
STUDENT:	Negotiate.

INST MIREMAD SOLEYMANIAN:	Yeah.	That's the thing H. you can see that that's a kind of a good reference point. What is the thing there.	And also for the seller that could be good.	Imagine you're a seller, and you want to decide okay, I want to go to the market and lease
my property.	What price would you guess?	That was a

great kind of tool, and it got a huge kind of trust in the industry itself.
It was a big temptation after a while for the Zillow to say okay, let's have a strategic ambition. In 2018, Zillow said that okay, we have a great tool, Zestimate, that no one else has that one.	We know
that the accuracy of the model that we can predict the value of the property is over 98%.	Why do not we take advantage more from that?	Why are we just a platform of sharing information?	Why don't we go into the real estate market as a investor?	Because thor could be
and the strategy (argue) we have a magic tool that no

one else has.	I can know what is the value of the








properties, and I can use that advantage so to decide which property is good to purchase, which is not to purchase.	And be an investor in the market.	Purchase some properties, in an algorithmic way, make an offer, cash offer to the sellers if I detect that this is a really good deal, make a purchase, do some renovation or whatever, or wait, and just flip it one year later and sell it.	And the whole thing said it made them really confident that this ambitious strategy is something that is going to work, it's based on this Zestimate tool.	That was driven respectful in the industry.	That was something that they did, and they announced it in 2018, and that was something that you could see.		For example, in 2019, 2020, so they run -- I mean late 2018 they launched this program, they
named it as I buying.	Zillow purchased properties in

a large scale from the source.	For example, any seller in the market, as a seller that you had in the pop, you can have a pot-up that says sell through Zillow for your Zestimate.	Zillow purchased that from you.	Zillow will be the owner of that, they can do
the renovation, a little bit and...large scale...

But by November 2021, they shut down the program.	It was a big failure.	It led to over 500 million dollars loss.	They laid off over 25% of their








employees.	It was a huge massive failure that, like, it worked in that way.	So -- and the question here is what happened?	The math was right, because we had -- they said that okay, Zillow as company, we have something named Zestimate, really high accuracy prediction model.	And given that they tried to run this name I buying platform.	But this was a failure for the company.
What could be the reason for that?	What happened?	They had a really sophisticated advanced model with a really high accuracy that they could use the analytical backbone and support to make the decisions we say the analytics using data and models to make decisions.	But what happens that it didn't
work out in your mind?	Why did the business collapse, this Ibuying program collapse.	Think about that.
STUDENT:	Pandemic happened.

INST MIREMAD SOLEYMANIAN:	Pandemic happened, it could be an event that happened, but do you think that it was just their bad luck that the pandemic happened?	So definitely the pandemic happened.	But we want to see is there any symptomatic view that we can look from that angle and see that okay, that was the reason for the failure.	Actually the pandemic could be positioned to justify that in some way.








STUDENT:	I still think that the model -- they approached of the model is good, but the model didn't account for volatility, and the reason it didn't account for volatility because it's counter interest (?) if the model includes volatility, then that signals weakness to the investor, so even though they know...the model does not look at the same --
INST MIREMAD SOLEYMANIAN:	So you're saying that this

Zestimate, the goal of Zestimate was giving you the kind of snapshot of what is the -- at the moment, what is the most accurate value of your property.
STUDENT:	It's the higher part, it's the higher tier of

that --

INST MIREMAD SOLEYMANIAN:	So you say it has the bias. STUDENT:	Bias model towards the higher part of the, it
avoids volatility, if it would include volatility,

would you see that eight minutes out.

INST MIREMAD SOLEYMANIAN:	You see that the piece of the puzzles that was missing was the volatility, that was getting a bias.
STUDENT:	It doesn't really consider consumer behaviour, sure your house might be worth 500,000, but if someone wants a million H I would rather have the million.
INST MIREMAD SOLEYMANIAN:	I could argue that the model

and the prediction model that is trained, is coming








from the actual behaviour in the past.	So, for example, I rely on the millions of properties in the past that it was actual transaction on that.	So those behaviour that you're seeing should be reflected in
the historical data.

STUDENT:	But historical data doesn't always take into consideration, environmental situations are happening, current political environment or volatility as was already mentioned [simultaneous talking; indiscernible].
INST MIREMAD SOLEYMANIAN:	We're saying that you want to generalize and go out of scope, historical data with some environmental elements, and probably real estate is something that is supersensitive to external and environmental factors.		Even if you have 20 years of data in the past, huge, millions of millions of
record, but all those things happened in some specific environment.	Some external factors.	And but we all know that real estate is supersensitive to those things.	For example, like the interest rates, or any kind of war that happens or whatever else, and if our historical data didn't have those kind of things,
okay, so the -- like...out-of-scope prediction for the future if something like pandemic happens, it could
not be...








STUDENT:	So the I also agree with the volatility, but also wanted to add the dynamic pricing aspect, when they're using their Zestimate, for example, a house listed for 500,000 at that time, they would put it as estimate...but when the pandemic would happen, going into the future and they haven't sold this house which they initially bought for 500,000, the pandemic is printing the price lower, but they...initially for
500,000, but they didn't consider the volatility and the prices are dynamic in the market.
STUDENT:	I would say just thinking about it from the homeowner's perspective, it's a conflict of interest. If they're the one make the offer and the purchase, if...themselves.
INST MIREMAD SOLEYMANIAN:	 So you're saying that there is -- you see it from a seller's point of view that Zillow's offering that based on the Zestimate, so it's not -- but we're saying that lots of people that they accepted that offer.	And the company purchased many, many, it was not about the lack of interest from the sellers.	Many people were okay, and they actually sold, but the company ended up having a huge loss
after two or four years of launching this program. STUDENT:	I would say maybe the data that they got to
train their model, that sample wasn't representative








of their target populations, so maybe they had some problem --
INST MIREMAD SOLEYMANIAN:	You're saying from a technical point of view?	Yeah.	But the thing here is the -- and it's easy to...okay, we can expand our data. Because Zillow has a huge data and I think they launched these Ibuying programs specifically for the
areas that their Zestimate was much more accurate.	So

that was -- that could...that gap, so probably something else there.
STUDENT:	It seems like the foundation of the profit element relied on the renovations.	So maybe logistically renovating that many homes, maybe the added value didn't balance out with the sale price of the home, so they ended up having to sell them maybe at a loss.
INST MIREMAD SOLEYMANIAN:	That's a good point, if the focus and the emphasis in the renovation and flipping later knowing that how much extra revenue or the return on investment that you make on this renovation is what is that, it's not reflected, there and that's kind of a good point.
So yeah?

STUDENT:	What could have happened because these are inflating the price for yourself, if the seller is








predicting the price and they're offering about that, the future predictions will be higher because they're offering a higher price, so it...so maybe it's not as profitable as they thought it would be.
INST MIREMAD SOLEYMANIAN:	Okay, price goes up.	But if Zillow is the order of that, it's good for Zillow that.
STUDENT:	The future house s....

INST MIREMAD SOLEYMANIAN:	Yeah, so -- it all goes back what is your market share as Zillow, what percentage of the whole matter.
STUDENT:	I think there's something wrong with liquidity

here, the stock market that you care about and the amount of volume sold and previous before, you're only buying people, one-to-one, you're buying a house, but all of a sudden Zillow can just buy houses, as a
seller you're changing your behaviour because you're thinking it will be sold, it doesn't matter; right?
KENT: ... (volume).

INST MIREMAD SOLEYMANIAN: Okay. That's fair. Let's just think a little bit more structurally of that, and this is actually a good kind of introduction of what we
want to tell about a framework that I want to introduce to you.
Let's first forget about Zestimate, because if








you start from the tool that we had and then we want to find a business problem to solve it, this is not the right way.	First we should start from -- we have a business idea, like it's about Zillow wants to go into the real estate meteoric as an investor, and to be successful.	So obviously the objective of the Zillow in this new business is to maximize their
investment return that they get as the investor in the

market.

So in order to be successful, so imagine you are the manager at Zillow and execute it.	And you want to know what questions you need to answer in order to reach out to that objective that you have.	Imagine right now you want to make a decision about whether it's good to purchase this product.	I mean this property A that is in the market or not.	What is the puzzling things there, that if you know the answer of that, it gets you -- what is the magic tool there,
if -- that you wish it could have that to answer the question.	So imagine right now, so, for example, now we're in May 2026.	At this moment you work for Zillow, and Zillow is offering that, and you want to make a purchase for a property with the goal of selling in the future.	Either it could be going
through the renovation, or eastern not renovation, you








just want to keep it for a year and one year later, you want to sell that (even).
Just make two cases.	One is the case that you simply want to hold the property for a year, and one year later sell that.	 And another one is you want to spend, like, for example, $25,000 on renovating that, and then selling it.	These two scenarios.
What piece of information -- or answering which

question can make you really confident to ensure that whether it's good to make a purchase for this or not?
STUDENT:	Maybe for the first scenario, the future price of the house, what it will be expected to be one year from now.
INST MIREMAD SOLEYMANIAN:	Yeah.	For the first scenario,

yeah, you also wish to know a kind of prediction or

the forecast about something.	But it doesn't help you to know what is the current value of the property.
It's important to know in one year if your time

horizon is one year or so, what is the price in one year?	With the high confidence, if you know in 2027, May 2027 what will be the price of this property.	And if I know, for example, with a really high confidence, in May 2027, this property worth 1 million dollars. Okay, I can think about, okay, if I, for example, purchaser right now 900,000, okay, I can get this kind








of 12%, 11, 12% mark-up there for one year, which is pretty good.
But this was not something that Zestimate could answer.	Zestimate was answering an analytics question, which was not aligned with the business question and the business problem.	In the second scenario of renovation.	Imagine you're in the renovation, which question do you really want to answer to ensure your investment on the renovation expenditure gets a highest return?	You need to
know -- imagine you have two options for property A

and property B.	You want to know if you spent 20,000, which one give you a higher return?	That is the question that you need to answer, and not about what
is the current value of the properties. And Zestimate was not capable of answering that question, so what is this kind of a -- return on the renovation
expenditure.	It was not telling us anything about

that in the future.

So this misalignment between business questions, that they really need to answer in order to ensure the success on the Ibuying program and the Zestimate was simply a prediction of a current value.	Even if it
was 99%, even if I could solve the bias issue.	If I

could generalize that, something that it has a limit








is a fundamental limitation.	It was a misalignment between this analytics question and the business question, and the business problem that we really need to solve.
That was the main things that happened, and it led to a huge kind of a loss.
This is one of the most important things, and actually one thing that we want to try in this class to go for it.	So there are three references for a failure, the misalignment.	Answering the wrong question.	The question was not what is the current value of the property in order to be successful in
that business?	Causation.	If you wanted to go to the renovation, we need to answer the causal question.
What is the causal impact of renovating a property? And spending $20,000 on the property, on the extra sales price that we have.	And asymmetry is something that we talk about later, it's so important there.
So the first question, and the first lesson that we have here, prediction is not necessarily equal to decision.	So you should start with a decision and
know that for making that decision in the most

effective and efficient way, whether it's enough to have a prediction or not, or something else.
And other thing we have is a Google flu trend.








This is something that actually Google launched in

2008.	Based on the search history of people, they build a model that they could predict and forecast the flu outbreak.	And they argued that it actually -- published their results in Nature journal in 2009,
they showed that.	The model and the prediction and

the forecast that they provided for the flu outbreak was much more accurate than the CDC prediction.	And what was their logic is to say that okay, as Google we have access to the search history of people.	We know that, for example, even if you haven't visited a
doctor or so, you have very small kind of symptoms or

so, you search on Google to find any home remedies, and Google had access to it and used those historical data and wanted to see whether those is search, the key words in that can predict us, for example, that two weeks from now it's going to be a flu outbreak or
not.

But CDC relied on what?	Actual, for example,

the hospital or the emergency department visits to see what is the trend, and whether in advance we can predict that, and they showed that -- so it was really good.	And it was a really kind of the big news at
that time.

And you can see that, if that is something that








is working, we can easily extends that to marketing context.	Instead of, for example, building a model and see whether searching the key word related to the flu can predict the flu outbreak.	Whether searching
the key word about, I don't know, a specific car model can predict the future sales of that car.	Or a new iPhone that comes, whatever else.
So that was a thing that they did, and we were

superexcited to have it.		But what actually happened was very disappointing.	In 2009 they missed to detect a pandemic, actually a kind of flu pandemic that happened.	Not just flu outbreak, but a pandemic that happened.	And also in two years, in 2012 and 2013, they -- for the flu season, they overestimated the flu cases two times more, given that kind of the train models, and it was a huge failure, and they shut down the program.
So in is something that we come back to later.

I mean next week, that when we talk about understanding the data, and something that is so important, which is a data generative process, to know how this data is generated, and the different ways
that these data are generated can make an impact that how we interpret the results. This is something that we come back to it.








So that was another failure that despite having

a huge rich dataset and very sophisticated models.	It was a big failure for the companies.
Now I want to switch to a success story.	We

talked about two failures, now I want to talk about a big success story.	And after that, going through providing the framework after the break.
So this is about the Amazon back in 2010.	So

Amazon faced with a huge challenge with the competition with brick-and-mortar companies, as an
e-commerce, it's always a big tension how you want to compete with an off-line retailers, because if the customers purchase from you, they don't get immediately those -- the product, they have to wait, and back in 2010, the delivery time was over a week.
So which was a huge -- and one of the main barrier for

the growth of e-commerce, and most importantly, Amazon.
Because it's true that in e-commerce, when you make a purchase online it's more convenient, but it's always a trade-off.	Purchasing online compared to driving and going to the Best Buy or Wal-Mart, it's more convenient.	But if you have to wait for over a week or really long, you probably or at least some group of people, they prefer not to purchase online,








and that was a big barrier for the growth.	And that was a huge challenge that thinking.
So they had Amazon had a big business problem, and the business problem that they had at that time was this delivery kind of problem.	A structural disadvantage that Amazon had compared to
brick-and-mortar companies.	So and the question [writing].	It took more than 5 to 7 days or so, you know, and it was really big, and they found -- executives found there's no way to survive, if this is going to be the case.	We really need to shrink this, and make it faster.	So that is the business problem. Now the question here is how we translate the business problem into analytics problem.	The business problem is collapse delivery time from that to this structurally without breaking operational economics. Still we want to work on a scale.	It's not about
okay, individually go there and just recipient a truck

and deliver that for one day.	So how we can change this.	So there's a supply chain, and we want to reduce it.	So that is the business problem, but now
is what is the analytics problem that if we solved the

analytics problem, we can actually address that business problem.	You can look at it from different perspective, from logistical point of view, you know,








the operational perspective and so on S.

Share with us what you think about that? If you were the director of analytics at the company and they told you, this is the thing, what is your suggestion
STUDENT:	What are the factors and variables of that delivery time.
INST MIREMAD SOLEYMANIAN:	Understanding what is the whole process, detecting the bottle necks, like and understanding clearly what is the procurement process, and knowing the bottle necks and trying your best to make them more efficient to reduce that.	It could be translated into knowing that where the warehouses are located optimally in different locations, whether we have enough trucks.	Or drivers, or we optimize the route and the path and the network to reduce the lead time and driving and all those kinds of things.
Each of these things could be an analytics problem from the supply chain base.
For example, finding the optimal warehouse location in North America, given all the historical data that we have, given all the networks and historical things, so how we shoot position or warehouses in locations to minimize the total lead time themselves.
STUDENT:	Maybe we could also ask how we can anticipated








the local needs for specific problems so they're more readily available.
INST MIREMAD SOLEYMANIAN:	This is exactly what they did, and that was the starting point of having the prime service.	So in the conventional sequence, in a classical way of procurement.	How everything happens. When the customer make the order in day 0.	So imagine you make a purchase at Amazon at day so.	The procurement starts at that time.	Amazon received that ort, for example, you purchase a TV, they go to the main warehouse and they start the procurement process there.	And imagine you are in Vancouver, they don't bring all these kind of TV in all those warehouses, it donate make sense, or they start contacting the main supplier and they say we really need a TV in
Vancouver, so they start the procurement and it comes

into the delivery at this time.

So something that you suggested trying to shrink this by optimizing the process.	But another creative idea that can come here is okay, even if we cannot optimize the supply chain, eastern if we cannot optimize or shrink or make it faster, the process, but we can start the procurement process earlier, before the time that people place an order.	What happens? Imagine two or three days in advance, Apples knows








that in the next three days, there will be some demand for this kind of Samsung, those kind of things
(Amazon) they contact in advance the supplier and they said that okay -- they started the procurement process and they start, like, the logistic and the supply of that.	Probably the manufacturer is in California or whatever else, the main warehouse of the manufacturer, supplier, they start the procurement and they start bringing into the greater Vancouver or Canada or whatever else, and within this process, after three days of starting that procurement, we observe that order actually happens.	So in this Amazon reframe,
you do not see any kind of optimization of the journey, it's simply a starting everything sooner.
So because still we have these five days, okay, but from the customer's perspective it's delivered just within two days.	So Amazon had this business problem and creatively, they thought that the simple analytics problem if they can answer that, that can actually solve that issue is can I three days in advance in each area.	It could be, like, region, province or that is at what kind of level, and detail
we want to make that prediction for each product.	Can we make a prediction whether it's going to be denied
or how many of those ones are going to be purchased?









Okay?



So that is a prediction problem.	They simply


converted this business problem into a prediction problem.	And that prediction problem was that -- and they actually just had -- just submitted and registered a patent for it in 2013 for it.	So that was actually the starting point of Amazon Prime, and
now this is something that is working pretty well.	So

for Zillow, using a prediction model led to a failure. And for Amazon for this specific case, using, again, pure prediction model led to huge success.	But it's all about how it's aligned, that business problem with the analytics problem that we have, and the way that
it works in the right way.

So given this examples, I want to just give you the framework, but after the break, so I'm going to give you 15 minutes break.	After the break come back and I shortly introduce this framework that we work on this framework for the term, and then we practice on a case, on a new case, and I ask you to think about that and share with us your thoughts by the framework that we introduce, please come back at 4:15.	And we go for the second part.


[RECESS]











INST MIREMAD SOLEYMANIAN:	Okay, so let's continue our lecture first and talking about analytics blueprint, failure, success, we want to introduce in the whole term, so it's actually three layered framework, the first layer is first the strategy thinking, and when you're faced with a kind of actual and real business problem, how we should think about that, and convert it into some analytics work, and then after having
that, what is our project playbook?	So answering how"

we question, so how you do that.	And this is a CRISP-DM framework that we go through that, and the quality check-list is again coming from another Harvard business review which is so important, and I
actually added the article on the week 1 folder on one drive, so this is something that is very important,
and it's actually mandatory to read that one (One

Drive).

The first layer is a strategy thing which tells us how do we convert layer by layer, the business objective into the business problem, the business idea that comes, how it could be translated into some specific lithics question, either it's the predictive question, the causal question (analytics) and how we combine them with the business intuition that we have,








the results that we get, and we can actually convert it to the business decisions.
So that is very important, and actually I

borrowed this from a book, that it's a leading with

AI, and analytics, the authors are very senior and big names in analytics framework, so we do not start with analytical tools, we first start with the main
business objective and the business problem, similar

to what Amazon had, and try to see how you can convert it to some kind of analytics, in some cases it's good enough to simply solve a prediction model.	In some cases no, it's not enough, so we need to go beyond the prediction analysis and do some causal inference,and other things.
So the CRISP-DM framework is when you have the analytics problem, so based on your understanding of the business, the context, which is so important.	So you need -- before working on a data or something, you need to understand the data that you have.	And understanding of data comes from the understanding of the business and the context.	So and if that understanding, you should know what kind of data you have access, what are the types of the data, what is the data generating process, how these data or variables have been generated?		These are things that








are so important.	It might look simple, but it's so important, and next week that is our lecture is about that, understanding the data, importance of that, and data analysis.	Understanding the data, knowing that, what is your mental model, what really data you need. So you come up with a data preparation.	So you need probably you have some variables ready to use, but you need to prefer some other source data and prepare them for the models that you decide to build and run, and after running the models, you evaluate the performance of different models, and you choose the best one, and after that, just by the output that you get, it's time to deploy.	It's time to actually translate the
results that you got into the decisions, business

decisions.

And in order to do that, you really need the business understanding again.
This is the kind of the flow that is so

important, and week by week, we try to learn some part of this puzzle, and by keeping it in your mind that this is the big picture and the map that we have.
This AAA is something that I want to focus more,

and as mentioned, I shared the PDF of that article, and you should read that, so it's something that is important. This article tried to introduce three-A








framework, a check-list for you to know whether we have for our analytics project correctly and successfully considered these three elements or not. And by providing some examples, they show you how ignoring any of these 3As can lead to failure.	The first A is alignment.	That's something I provided the example of Zillow.	The alignment between business problem and lick analytics problem.	And this article they also provide some other examples to clarify that for you.
Another thing which is so important is

asymmetry.	What is the meaning of asymmetry?	When we build the models, something that we care in order to evaluate whether that model is good or not, it's about what is the accuracy of our models.	 And imagine that prediction model is actually the model that is well aligned with our business problem.	So imagine that it's not the case of Zillow, that it was misalignment. Imagine it's perfectly aligned, it means that we
really need to solve a prediction model.	Typically

for -- when we have a prediction models, we look and care about the accuracy of that, or in other hand, what is the error of that prediction model?	Is it a high error or low error?	What is the average error and what is the meaning of "error", it means that if








we predict, for example, in the case of Amazon, if you predict that, in the next three days it's going to be
a demand, whether in reality that demand happens or not.	And if it happens, it's like that is accurate, and if it's not, it's a kind of error.
But something that is really important is the

asymmetry that exists in two types of errors.	The asymmetry of costs for two types of errors.	You are all familiar with two types of errors in predictions. Type 1 and type 2.	False positive and false negative; okay?	One error is that you predict, for example, purchase happens in the future, but purchase will not happen.	This is one error.	And in the other case,
you predict purchase doesn't happen, but in reality

purchase happens.

So -- and this article talk about how the asymmetry of comforts exist.	Let's go to the case of Amazon.	The first error, which means that we predict in the next three days there will be a demand for this clicker in greater Vancouver area.	But in reality it doesn't happen.	What is the cost of this error?	In the context of Amazon that we talked about, that they started procurement in advance or so.	What is the
cost of this error that our model, that is trying to

three days in advance, make a prediction, but whether








any demand happens for this clicker in greater Vancouver?	It predicts that it's going to be a demand, one demand for this clicker but three days
later we observe the reality okay, there hasn't been a

demand.	What is the cost of that

STUDENT:	The cost of procuring and shipping into the area.
INST MIREMAD SOLEYMANIAN:	Yeah, the cost of shipping into

the local warehouse that we have, the storying, or reshipping and returning to the main warehouse, these are the things that happens; okay?
So -- and on the other hand, the other error is

that you miss or you predict that there's not going to be any demand for this clicker in the next three days, but in reality there will be a demand.	The cost of that for the company could be the delay, because our procurement takes five days.	And if I miss and I
don't predict and I start procurement earlier, and

after detecting data, it takes five days, you can just quantify that in terms of saying okay, this is a brand damage or delay of delivery, it's a kind of cost.	But it's obvious that these two kinds of costs are not necessarily the same.	And because of that, it's not accurate and critical to simply summarize the accuracy to one number by just aggregating the two types of








errors, into separate...

STUDENT:	Would you also be considering cost of opportunity, so because you moved the product in demand, could you also --
INST MIREMAD SOLEYMANIAN:	You should think about the scenario if this error happens, what are the different kinds of costs.	I give you one example for the case that we talked about for the marketing campaign for Canadian cancer society, in thinking about what could be the cost, one of the costs could be for the error, it could be -- it's about the running the marketing campaign and sending the -- like mail to people or contacting them to participate in some kind of donation.	If they based on the prediction model.	For example, we build a prediction model and we want to predict who is going to be most responsive...
What is the cost of the error.		So there are two errors, one is that we predict one person is very responsive and I'm positive he's going to respond, but we contact the person and he's not.	Another thing is we contact the -- we predict the person is not responsive, but -- because of that we don't send the coupon, but that person in reality is superresponsive, in the first case there are two costs, the one cost is the cost of sending mailing, for example, two dollars








or so, because you said that this person is going to be very positive in response to me, you mail the catalogue, two or three dollars, it's not just that, it could be the cost of annoying the person as well.
That's based on your assumption of what kind of cost you consider.
But it's so important that you need to consider both elements, and separate these errors.	Not aggregate.
So this is something that we're going to

practice in this course.

Another one is aggregation.	At what level we aggregate the predictions.		Imagine you have access to individual level of data.	For the Amazon case, for example, we want to build a prediction model.
Predict demand of product J, three days in

advance, in what?	At the zip code or postal code level, at the city level, region level, province level, individual level?	I mean for each customer...country level?	 Continent level?	What is that?	And it's always a trade-off.	Obviously if you want to be really -- it's about a the granularity of that.	If you really want to be very detailed, individual level, okay, the positive side of that, if I can do that at the very individual level, if I have








a magic tool with a high accuracy I can do that, with confidence, I don't need any kind of local warehouse, I can ship it to the end without -- you know, but probably it has a high error.	The other thing is for this clicker, let's get a very aggregated, at the North American level, it might be really cool and I'm
super -- might be supercurious to know that, what will be the demand in the next three days for this clicker in North America?	It might not be even easy to do that, and we need a sophisticated model.	But for that purpose, solving this prediction model is not going to solve any of the issue, because, yeah, if you know
that in the next three days there will be four demands in North America for there clicker.	What do I want to do?	The whole point of prediction was to start a procurement and send it to somewhere closer.	And if I simply answer that in the next three days there's
going to be three demands -- three units of this in
North America, okay, so what?	What do we do with this?

This prediction could be good for other purposes, but not for this business problem that we have.	So aggregation is another thing which is superimportant, and you need to have these three As, always in your mind, alignment, asymmetry,








aggregation.	And this article provided other examples that is really good.	That is the reason I shared it with you and you should read it and just learn that
and use it in practice for the whole term that we work

on that.

So the big picture is like technically correct model that answers the wrong question is the most expensive kind of wrong because we dedicated and spent a lot of resources and money and everything, but it's not solving the right question.	So it's waste of resources and money and everything else.	Because of that it's so important to know what is that.
Let's go to the Amazon case and another thing we have which is the dollar sign rule, which means that okay, if I tell you I'm a superambitious person, I
mean for this Amazon, and you say that we have too

many products.	It's so hard to build a prediction model, and say that for this prediction, I mean -- build a prediction model and know that with a high accuracy, knowing that in the next three days what will be the demand, for example, for this clicker. It's hard, and the accuracy that I want to get probably is not high.	But this is something that I want to show you here.		In many cases you actually -- in order to make some profitably decisions, you don't








need superaccurate models.	Let's get back to the Amazon case.	Imagine selling this clicker, it's getting you $100 more.	That's just assumption that I have.	So which means that if you predict someone is going to make a purchase and they purchase, it's going to be $100 margin.	And there is -- but there's a cost of error.	And for simplicity, I'm not separating it into two types of costs.	Imagine I just have a cost
of if my prediction in Jean is wrong question, and what is the, I predict there's going to be a demand, but in reality the next three days there's not going to be a demand.	The repositioning of this, returning to the supplier and whatever it is, it costs 20 bucks
or so.

So with these numbers, you can get a sense what is the baseline accuracy that you need for your prediction in jean to be economically good for you, that prediction in jean that you have.	If any accuracy or success prediction give you $100 margin, and any error it gives you, like, $20 loss.	So you can actually calculate.	Imagine P is the accuracy rate.	It means that, for example, if you have 100 tries, how many times are you accurate?	 That's the kind of thing.
P is the ratio of accuracy.	So this is the








expected profit that you get.	So you can see what is the cut-off for P in order to ensure having the prediction model in this situation could be profitably profitable.	If you had the prediction model that the accuracy is 20%, is good.
So that is the way.	But if you have a idea in

your mind whenever you hear about prediction, you

think I need to build a model with 80% accuracy or so. This is not going to be feasible here.	But we see
here from the numbers that even for Amazon, having

something -- if we agree with these numbers, but you can see changing these numbers is going to change the baseline, but even much lower accuracy typical
high-accurate numbers could make this profitable.

The model in this case only needs to be right one out of six times.	For any six times of making a prediction of something, even one time it's right, it's profitable for us, that is the bar we have here and we get there.
Another thing that we have is about different

things, so this is something that I postpone it for later, but as I mentioned, we have the two different types of costs, the asymmetry which is so superimportant, and we typically need to consider them separately.	So it's not just about maximizing








accuracy, we want to maximize the value.	It's very different.	And typically when we have the asymmetry of costs, maximizing accuracy is not the same to maximizing value.	This is something we want to try.
We want to practising today together on all these elements that we talked about today.	I shared with you a PDF file on the One Drive forest, folder, of the Canadian cancer society, it's a non-profit
organization, so it's mainly the mission of that is to get kind of donations and support for different kind
of novel research into cancer and create kind of resources for that, so as a non-profit organization, so you know, like the main -- I mean the goal is to ensure donors and make sure they get the donations to support the goals that they have.	And so you can imagine there might be a different source of getting these kind of donations; okay?	So they have some annual kind of gatherings, the different events that they have, so at some point Canadian Cancer Society decided to in addition to having one-time donation
events; okay?	So they tried to launch a program named Monthly Giving Program, and giving the chance to potential donors to, like, contribute continuously every month, even a small amount, like $2, $5, $10,
but some automatic payments like that.








So CCS had a huge kind of potential donors,

one-time donors in the past, so one of the things for them that was superimportant was to convert these people to adopt to the Monthly Giving Program, because historical research for them showed that people who adopted the Monthly Giving Program, so in the lifetime they donate much more, which makes sense compared to just having the one lump sum.	If you aggregate over the lifetime it could be more.		So for CCS from the marketing perspective of that, the goal is to ensure they run some kind of campaign that can actually increase the adoption of people to this Monthly Giving Program.
So I shared with you that PDF, I want you to

read that one, and after that, we want to have a discussion with you, like, imagine that the company has 20,000 budgets to mail people catalogue for incentivizing them to adopt.	So imagine introducing this program, and so on.
And each of these catalogue just mailing costs

$2, which means that given this budget, they're limited to 10,000 people.	The budget is 20,000, we have $2 -- it costs $2 per mail.	So it means that maximum they can send it to 10,000 people.
So and from the historical data, they know that








if they contact people, on average in the population of Canada, there's a 1% chance that people are going to adopt.
So on average.	So because in the past, they ran

some -- in a small scale they ran some of these campaigns, and they collected some historical data how people are responsive.	And they found that on average the adoption to this program is 1%.	I want you to think about that by reading that first of all,
thinking and restating the business program, and most

importantly thinking how you can given this context, how you can convert that business problem into analytics problem.	What analytics problem, if you can solve, you can do this job in the best way.	And actually...that business problem that you have.
Because of that, first of all, you need to

exactly know and restate what is your business problem, and then the business problem, it should be converted to analytics problem, and after that we want to talk about, like, the other elements, asymmetry
that we talked about that, and also aggregation, and like something that we have.
Because we will come back to this in week 4, because we have the data for it, but here is the foundation that we want to practice that.	So I want








to give you just, like, five minutes, so read it, feel free to talk with your classmates on that, and after that, I come back and ask you like a couple of questions to do this job together, and we are stating that business problem, analytics problem itself. [Pausing for exercise]...	So we are in a phase that
we do not want to look at any data, any technical part, just from the strategy point of view, first knowing that -- knowing the kind of the context, how we can reinstate the business problem (restate) and clarify that.	And given that what kind of analytics problem.	When I say analytics problem, it could be
the predictions models, it could be different kinds of models that we have, mainly think about the
predictions model, is there any kind of prediction models that if we solved that, we can effectively and efficiently address the business problem that we have, because of that first, we need to clearly...the business problem.	[Reading]....
Okay.	Let's hear your thoughts first on the

business problem.	So given what you read on this case, CCS, the situation, challenge, whatever else.
How you framed the business problem?	So share with us your thoughts in just one sentence or a statement.
What is the business problem?








STUDENT:	Identify the people that have high chances of adopting the monthly giving the.
INST MIREMAD SOLEYMANIAN:	 This is not a business problem, you're going through the analytics, the business problem is what is the challenge, and justifying why this is a challenge.	Yes?	How can we sure the money we spend on mailing will be worth it.
INST MIREMAD SOLEYMANIAN:	Why it's a problem.

STUDENT:	Okay.

INST MIREMAD SOLEYMANIAN:	Why it's a problem, because the problem is similar to, for example, the Amazon, it was the delivery time is a challenge, and it's a problem. So we said that we cannot survive with it.	We cannot compete with brick and mortar, the next thing is the business idea, how we can reduce that, but first we need to state very clearly what is the problem, and then based on that problem, we can come up with the idea and that idea could be converted into analytics problem that is going forward.
STUDENT:	How can we increase adoption of the monthly

donation program?

INST MIREMAD SOLEYMANIAN:	How we can increase.	So this is, again, not a:kind of the challenge.	It's, again, about an idea to address some issues that we have.	I want to start with the original -- with the issue that








we get there.	So.

STUDENT:	The problem is too costly to sign everyone... INST MIREMAD SOLEYMANIAN:	The problem that's --
STUDENT:	How can we stabilize our budget and make it more

consistent?

INST MIREMAD SOLEYMANIAN:	How we can stabilize that is a kind of -- it's more kind of initial objectives that we have, but given that objective we have a challenge now or a problem.	So, yeah, that is a very original, the objective is a kind of stabilizing and having sustainable kind of...but what is the issue and challenge that we face there.
STUDENT:	We have a limited budget.

INST MIREMAD SOLEYMANIAN:	So we have limited budget, but, yeah, that is one angle of the challenge, but is this the only one?
STUDENT:	We are wasting a lot of money if we send out the mails randomly, since most people are not going to accept.
STUDENT:	Uncertainty in the funds you will have for

future research.

INST MIREMAD SOLEYMANIAN:	So that is about the consequence, you're saying if we cannot secure money, so it's getting -- that is a consequence of what it does.	But here given the goal and objective that we








have, and the goal objective is to ensure so we can

get the good amount of donors, and one of them is this Monthly Giving Program, but the problem that we face now is two things.	It's indicated here, and the combination that of is actually challenging.	First of all we have very limited resources, we don't have unlimited money.	So because of that we need to ensure we spend it efficiently, and also we know on average the adoption rate and response is pretty low.
Combining these two is a really huge challenge.	So

the business problem here is that it's the challenge that we face in a marketing team at CCS is that we have a limited budget which means that we can send it to just 10,000 people.	And based on these numbers, you can calculate what will be the cost of sending
these people and what will be the expected benefit you

get if just 1% of these people will respond to you peacefully.	Po peacefully, if you send it to 10,000 people and 1% positively will respond to you, and those 100 people can give you some kind of benefits
but comparing the costs that is imposed, it's not very efficient.
So combining these two, it's there.	So it's like business problem that we face.	I can phrase it this way, that -- so limited resources which means








that money and the cap that we have the capacity to send to people, combined with low-average response rate that we have, so these two get combined, and we face with a challenge, a practical challenge of reality.	We want to do that but we don't know how to do that.
So it's a thing.	Because imagine if the average response rate was not low, from historical data we know, for example, 1%, it was 90% of people, they
adopt if we send them that.	Even if we had limited

resources that was not a big challenge to say okay we have limited resources but we know if we send it to people, people with a high chance will respond to us and it's not based on that.	Even if the limited resources could be spent in a good way.
So but the challenge here that it's a kind of

hesitation for us is the combination of these two that it happens.
So the question here is now okay, imagine in greater Vancouver or in Canada, in our database there are over 1 million people, in the CCS database, over 1 million people we have information from them.	We have the capacity to send it to 10,000 people, that is the max.	It doesn't necessarily mean we want to send to all 10,000 or spend max, but that is something that we








want to do, this is a maximum that we can send.

And we know on average the adoption is 1%, but obviously we know people are different.	Some group of people might have a higher tendency to adopt.		Some people might have a lower tendency to adopt.	Yeah, on average it's 1%, but probably there are a hidden group or whatever, that those people the average adoption is
4%.	In order to get that 1%, if we have a group of

people that are 4%, there might be other group that is way below 1%.
So the thing is is there any way that we can differentiate this population?	So that is with the
way of thinking that can help us to come up -- convert this to tackle this business problem that we have.
So -- and convert it to an analytics problem, this is a way we should think about that.	So given these things, what is the analytics problem.	When I say that let's focus on a prediction problem.	What kind of prediction problem?	Without going through the technical part of that, imagine we want to have a prediction in Jean, black box, magically with some kind of input, it can give you some kind of output. What prediction problem can help you to address this issue?	And in order -- when you suggest that, you need to justify on your own that okay, solving this








analytics problem, in which it can affect it.	If you can make a perfect prediction on it with the highest accuracy, does it solve the issue or not?	So tell me what is your thoughts on this analytics problem.	What is the analytics problem that it can solve the
business problem?

STUDENT:	Which groups are more likely to respond.

INST MIREMAD SOLEYMANIAN:	Which segmentation group are more likely to respond.	And more likely to respond is more likely -- yeah, when we offer them, we adopt.
And what do you mean segmentation group, because it's not clear to me, what do you mean segmentation.
STUDENT:	I think you have to determine different ways to group people, whether it's through zip codes or regions or cities, or gender or communities.
INST MIREMAD SOLEYMANIAN:	If I want to generalize that,

it's like imagine that I have a black box here, I name it as a prediction engine, and this prediction engine has the magical skill that I give it the input which are the characteristics, the demographic of that person, and whatever.	And it gives me the engine that this person is going give me a positive response.	On average it's 1%, but probably this prediction engine can differentiate people for some people given those characteristics this person is 20% chance that is








going to adopt the offer.	Another per cent is almost

zero.

So my analytics problem here, in this way it's about having some -- can I -- so predicting analytics problem is building a predictions model; okay?	That for each person that is a potential donor, it gives me a score for that person.	What is the chance he's
going to adopt?	And I want to say -- and I want to

evaluate the credibility of this analytics problem in addressing that, this is so important.	I want to ensure before diving into this analytics model and preparing the data itself, I want to ensure answering this analytics question and building this prediction model is actually giving me the answer to this business problem.	I should assume that if in the
ideal world I can perfectly build this model.	Imagine

in the 1 million data points that you have, I have a black box, and a prediction engine that given the predictions of the characteristics of 1 million people which could be a demographic information about these people, it could be, like -- I can generate a score
for each of these 1 million people.

And that score is the prediction that if I send this person one, the mail, what is the chance he's going to accept?	The average of that is the column of








that score is 1%.	But there's a differentiation.	So for 1 person it could be 10%, for another person it could be 5%, for some people it could be very, very low, very close to zero, because I need to get an average of 1%.	So it gives me a score or the probability.	And as I said, imagine that the prediction accuracy, everything is good, and what you want.	But I want to know when this is actually something that can solve your business problem (whether) help you to make efficient kind of decisions for deciding how to target people.	If I have that imagine engine for each person in my database what is the chance that that person is going to respond, and now I want to decide, okay I have a limited budget, I cannot send the mail to all 1 million people, I have a fairly limited budget, I needed to priorize, how do I do that?	Based on that score.	And if the top
10,000...is, like, 1%, the top 1% based on their

score, probably their average response rate is is not

1%, it might be 10%, which is much better than randomly sending mail to people, because if you send randomly, you get 1% response.
That's another story to ensure whether your prediction model is accurate or what is the error. That's the next phase, but before going to that, you








need to lock your analytics question, and ensure that this is something that if you get something highly accurate, you ensure that this is something that is going to address your business problem.	And now we get that.
So this prediction model, but for each person,

it tells me if we say that, what will be the chance that that person is going to respond?	If I can build a model for it, and solve that analytics problem, I can get to that business problem.
Did you have any question

STUDENT:	Probably say likes you might -- for this question you might need a model per se, would I just say the first question would be...in the first place, and secondly would be for a...this size, what are other micro...in Canada...are...
INST MIREMAD SOLEYMANIAN:	But the question here is practically I want to decide how to spend this money.
STUDENT:	That's right.

INST MIREMAD SOLEYMANIAN:	How are you going to do that.

So imagine that -- okay, there's no way to see that,

so imagine you are a budget to send the mail to 10,000 people.
STUDENT:	Yeah.

INST MIREMAD SOLEYMANIAN:	How are you -- and you have 1








million people in your database.

STUDENT:	Look -- so you do the prior -- with the

different -- with previous charity that was conducted, you go to 1% conversion rate.
INST MIREMAD SOLEYMANIAN:	It's 12%.

STUDENT:	We still don't know the dollar amount from that

1%, so the dollar between the 1% might have been that the paper method might just not be viable.
INST MIREMAD SOLEYMANIAN:	That's another story, you're right.	So that is answering another question.	But
for now, I'm imagining even if that's good amount, and it fits, so you need to solve the problem for it.	So it's not viable to send it to all -- who are those
10,000 people out of the 1 million people.

STUDENT:	If you're committed to pay, you just have to cluster it, and cluster the 1% and try raising it to 2 or 3%.
INST MIREMAD SOLEYMANIAN:	How do you do that.

STUDENT:	By clustering the 1%, the 1% from the previous sample.
INST MIREMAD SOLEYMANIAN:	1% means that on average, for example, in the historical campaign that the
company -- this organization ran, on average they sent it to probably 5,000 people in the past on different occasions.	And out of these 5,000 people, 50 people,








they adopted.	It's a 1%.	It's a response rate is 1%. But I want to say that that is the average.	But the question here is should I follow the average?	But I'm telling you that it's true that on average it's 1%,
but it donate mean that everyone has the same

attitude.	There might be some people that they likely would have adoption is higher.	Some people might be lower.	For example, females versus males.	On average
1%, but females might have more likelihood compared to males.	Or the geographical location, based on their income, based on the ethnicity.
So those are things, and that's the whole point

of building the models. Imagine that we have that -- this is something we go back to on week 4, because we have the data on it, we want to build a model and see how it works.
And you will see that, like, differentiating people based on that can be very helpful, but even before going to the technical side of that, we need to see and lock this analytics problem, and knowing that this is something that one of the solutions we might have is going through that point.	So this is one
thing.

So and by knowing that, we get into that. Another thing here is, like -- another thing








after locking this analytics problem, the next phase is okay, how I can build this prediction engine.
What kind of data historical data.	What kind of inputs, output, building mental model, okay, because something you will see for building a prediction
model, the quality of inputs and actually the

variables, and the variables that you consider for your inputs can significantly impact the accuracy of your models, and errors.
So and that is about the data understanding, and

data preparation.	Some of those datas exist, some of those datas might not exist.	For example, someone could say income could play a big role in adoption of people from the program from the mental perspective without looking at any data.	The point is about affordability, people who have a higher income probably there are more likely to adopt.	So one of
the good candidates as a predictor to use in our model

might be income.	The next phase could be okay, look into our historical data and see if we have an income level and we see oh, unfortunately we don't have an individual level for each person, but we can use a proxy of income.	For example, we know where people live.	And we can see with a census data, we can see what is the average or median income of each postal








code.	Use that as a proxy of the income.

So these are the things that we want to work on later, but the first ways is to understand and...and the next thing is given that that is our analytics problem, so how we can proceed with that.	So but without knowing that solving this analytics problem is going to solve the business problem, you get into the same problem of Zillow, you build a really nice prediction problem, prediction model, very high accuracy, but you end up not solving that problem that you have.
So because of that, before starting anything of

data analysis or anything, you need to figure out whether this is in alignment that exists, and that is something that in the first...of your group project, this is something that they ask you to do.	When I introduce a case and a project for each team, I am going to share with you the real data; okay?	But the first...is before sharing with you the real data, I share with you the case, I share with you the data dictionary.	You know the scope of project, you know what kind of potential variables you get, but you do not get the data, because I don't want you to work on the data.	The first is to either define exactly the best potential analytics problem, and after locking








that, I would give you the data to go for it and try and just build the models and make a prediction bigger and bigger.
So that is something that we have, and it's

going through that.

So it in terms of the cost.	Imagine we build a prediction model which means I have the magic engine that tells me for each individual given the characteristics of that person I train the model and it tells me what is the chance that this person is going to provide a positive response if I send the
mail.

So what are the errors here?	There are two errors.	One error is if we predict -- if our model predicts this person is going to give a positive response, this person is having a really high chance, and because of that, because of that result, we send the mail to the person, but in reality that person is not responding to us.
This -- there is a cost for it.	The cost could

be the losing $2.	Another cost of that is, like, cost of annoyance or whatever.	Because really we do not want to bother people that much, but just it depends
on you, whether you want to assume that cost as well.

That is one thing.








Another cost, the type 2 cost, which is definitely much more, because the first type of cost is just $2, if you miss.	If you actually predict someone who is going to adopt but that person is not going to adopt, in reality.	The cost is $2 of mailing.
But the other cost is we miss predicting the actual adopter.	If you predict someone is a very low chance of adoption, it means that our algorithm guide tells us not to send that person the mail.	But in reality if we send to that person they're going to adopt, you will be missing, that is an opportunity cost, and depending on what the revenue we can get if some people accept is probably $100.	So that is something that it tells us what should be this asymmetry is something that is important for us and
so.

So that was a practice.	We come back to this case in week 4 as I said, and work on it.
So for next week, our plan is to go to

exploratory data analysis.	I shared with you tonight -- I mean the preparation package on One Drive, and also I sent an e-mail, specifically guide you how to prepare.	There are some reading notes in the chapter of the book, and you should read in








advance, and you will have a quiz next week.	In addition to that, share with you tonight that survey for making the balanced groups, so the due is next week.	So because I want to use those surveys for making the teams for your group project, so these are the two things that we want to do.	And oh, also I shared with you a folder, which is about our...instruction, so if you are already familiar with R studio, that's fine, but in that folder I shared
with you first of all how you install R or R whether

it's Mac or PC, and then some kind of tutorial for using that (studio) there are lots of resources on YouTube.	As I mentioned if you haven't used it that much, don't worry about it, something we practice next week because in the tutorial we work with the data, so I show you some practice of using AI as the help and support for coding.
So that is a big thing.	But it will be great if

you can look into the tutorial, if you're not that familiar to the -- familiarize yourself at least with the environment of R studio, and we don't have to follow me in class and run on your own system, during the tutorial, but you can do it if you want.	So starting next week, in the tutorial, we work on data, for example, next week is exploratory data analysis,








we show you R and the R code as well I share it with you.	You can run it in parallel, on your system, if you want, but you don't have to.	It's all up to you. But, yeah, that's it.	Any questions?	Great, thank you very much, and see you next week.
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