AG Tan- Hello there, thank you for listening to our Ask QueBIT About Analytics Podcast. Our
goal is to cut through the jargon and hype around analytics and data science and share practical
advice to guide you on your analytics journey. You can find us at Quebit.com. That's
Quebit.com. Welcome. Thank you for joining us for this week's edition of the Ask QueBIT
About Analytics Podcast. I'm AG Tan and I'm joined today by my esteemed colleague Dallas
Crawford, marketer and salesperson and data scientist extraordinaire general manager of our
advanced analytics group. Have | buttered you enough?

Dallas Crawford- | was about to say the intro was mighty kind. So now I have to live up to it.

AG Tan- That's right. Well thank you for joining me. So let's start by going through a few real
world examples of where advanced analytics helps businesses.

Dallas Crawford- Yeah, it's a good question. | mean there are really several instances where
advanced analytics really fit well with operational processes, whether it's planning, scheduling,
pricing where they get applied every day. So some real-world scenarios and easy one is pricing,
right? It takes a high level of sophistication to understand the impact of price and how it affects
demand. You see it every day when things go on sale right when you run out to the grocery store
or to your local department store, right? So really there are lots of things in play to estimate how
that's going to change your behavior and drive additional sales for that company and that's one
way where it's very important, you know to leverage more than just simple equations to
understand how price can be affected; because it's not always a function. The demand is not
always a function of price. If you run a sale, for example, where your competitor is also running
a sale then your results can be skewed. If you increase prices as you know, your peers leave a
region you're going to go up and your sales are going to stay fine. And so you won't see a big
impact. So it's very important to understand all of the nuances around that and really be able to
leverage it in a meaningful way. Other things or other areas where these can be applied are
demand planning for example, so if you think about it really having a good statistically sound
accurate forecast takes a lot of data sources and hopefully you can plan at a lower level because a
lot of your changes and adjustments occur at that very low nuance level. So it's important for you
to be able to build your projections from there. So that's an area where it's very important and
practical to embed it things again, like maintenance scheduling, work for scheduling. These are
all areas where we see every day, you know advanced modeling and statistical concepts being
applied to those problems.

AG Tan- So just to give you a little bit of a hard time, perhaps a little bit of a challenging
question. So there was a famous example of Uber the ride-sharing company sort of hiking their
prices, you know in a situation where a lot of people really needed their services. Would that be
an example or one of the risks of using predictive analytics to kind of drive something like
pricing?

Dallas Crawford- No, what that would be ironically enough is an identification of blindly using
predictive analytics, and not having a good way to understand what the model is recommending,
why it's recommending it, and what the ultimate real business impacts can be right. So and it's
actually one of the broader what | would say potential pitfalls right of leveraging advanced
analytics or predictive models and that actually having a business person who understands it to a



data scientist or someone really interested in building a great model. Yes, when demand spikes
and people have nowhere to turn of course, it's going to look any elastic and of course you can
raise the prices high as you want and you know what unfortunately for something that people
stuck in that area, they really do have to pay whatever that number is to get out. But ultimately
the customer service impact, the brand impact, it's so great that it's not worth it and that's where
again, it's important to marry some of these advanced concepts with real business insight

AG Tan- Now I'm actually glad that I ask that question, you know, because you know, I think
the way you described it really well and maybe it's an opening then for you to talk more
generally about you know, why data science projects might fail in companies.

Dallas Crawford- Yeah I mean fundamentally, they really fail 1 would say for a couple reasons
the biggest and most obvious reason is solutions going in search of a problem, right so that
there's one thing that smart people are always guilty of. The first thing is they are guilty of
looking for what's interesting right, businesses are not built on being interesting right? They're
built on acquiring customers maintaining customers and doing that at a cost efficient rate right;
and however, you do that is great. So they don't really care what's interesting to you right? And
the other thing that a lot of smart people look for are difficult problems to solve. And you know,
there's obviously plenty of talk about the 80/20 rule, right; but the most difficult or interesting
problem is not always the most practical application. Thus, a lot of times what happens is things
are adopted and they are really put into play because it's way it's way too expensive in terms of
the cost of getting to a quality solution for what the value is ultimately going to be. So one is just
chasing the interesting blindly the other that kind of ties into that again is and we just talked
about it is the business understanding. If you don't have a true understanding of the process that
you're modeling and how you're changing so whether it's demand you're predicting a huge spike
for some reason that you can't see or back to that pricing scenario, you're willing to raise the
price so significantly because the model tells you to but you don't really understand what the
ultimate business impact can be. That's the other weary area where people really get into
problems. So chasing the interesting and not really understanding the business impact. | mean to
even take your pricing example down from the Uber to something more understandable and this
is where a lot of projects get killed on arrival. If you build a model and you find you know that
you can significantly raise prices in Area A this is before deployment right? So the advanced
analytics team your data science team is told to go off and figure out how we can drive more
profitability and they go in a vacuum and they build these fantastic interesting models and they
say, you know, we can raise prices 20% with no real impact to demand. Look at my curve that |
just drew well in reality if they don't incorporate the business in that process, they're going to go
to a presentation at some point with once they're done with that model. They're going to sit in a
board room. Number one, they're going to potentially embarrass the business users. Right, if they
show something that's drastically different but the other real risk is they're going to embarrass
themselves because the business user will say, well, those are my largest customers. We can't
overnight create a price hike or there's no way we would ever be able to push those through. We
couldn't survive the hit to our reputation that the hit our customer experience. And so that's
where it becomes really important to kind of marry those two areas.



AG Tan- Are you describing the reality of where data sciences today? So it sounds like you're
describing a situation where a lot of companies hire data scientists. We know that data scientists
are in demand right now and many of them may be coming out with PhDs or advanced degrees,
but very little business experience. They might know a lot about data science and data
manipulation, but not that much about business realities; and basically they come into companies
and they're living in an ivory tower and keep being given freedom within that. So are you saying
that you see that out there in the real world?

Dallas Crawford- Yeah, we absolutely see it every day and it's becoming or it has become a risk
because people they pay a lot of money for these data and | don't want to paint them with a broad
brush, right? Obviously we have a whole team right built on this skill set. So I don't want to paint
with too broad a brush, but there are certainly pockets where exactly what you just described
happens. You go you get a very expensive resource. They have fantastic depth in terms of skill
building models and training them and manipulating the data, but they have no real experience
interacting with business users to understand what they should be designing really understanding
the depth of the problems that they're trying to solve and more importantly they don't have any
experience in a given field or industry and that comes back to bite them when they ultimately
want to deploy that model.

AG Tan- So isn't there though of a very practical solution to that, right? So if managers and
executives understand that data scientists can be very productive or more productive when they
understand the business problem, isn't then you know practical to put them together or embed
them in the business or get them closer to the business or manage them so that they are aware of
these pitfalls. And maybe a team-based approach or a collaborative approach I mean what would
you recommend as a practical way to kind of get more out of your data scientists in terms of you
know, actual results.

Dallas Crawford- Yeah, no you call that something that's very important to note. It's not and it
shouldn't always be up to them to you know, force themselves into the business. A lot of
companies themselves are guilty of hiring these types of resources and parking them in an area
and saying hey go and make us better and figure it out, right. And they don't set up the proper
infrastructure to drive them to collaborate. So whether you do it, we've seen plenty of models
work. We've seen the model where you deploy data scientists essentially into individual lines of
business so they can serve them and they learn that line of business that's been very effective.
We've also seen a hub-and-spoke type of model where you have a hub of data scientists, but you
embed a power user or a designated lead from each line of business who's going to identify the
use case and help them understand the business problem because they are very bright people and
they will learn it quickly with the right tutelage. And so both of those models have been effective
in terms of getting the most out of these teams. But even with those two models, they're still kind
of to what | would say core tenants of being successful in getting started really. The first thing
you need is a real problem. So oftentimes or occasionally these teams again, they become a think
tank go and think of the five areas where you could help us, you know, we've got this laundry list
of problems and think of how you could potentially solve them. In reality they need to be given
targeted here are our top five priorities as a business and then they need to be expected to come
back with. Okay based on those we found these three that are real problems where we can
potentially make an impact. So you have to have a real business problem where you get back into



what we talked about with chasing the interesting or the difficult. The second thing that you need
to do is find a sponsor and there's two ways to find a sponsor. The first way is the way we just
described. You have a defined business problem, you have an engaged sponsor and they're open-
minded and that's the easier way. The second way is to find tremendous pain and to go to that
sponsor proactively with an idea or an approach that closes a large gap and really forces them to
the table. And a lot of times you can find that tremendous pain, you know, people use the term
low hanging fruit all the time, but you can find tremendous pain that you can actually make
quick progress with and then that becomes your entree to getting additional sponsorship because
you helped that person, you know, they become your evangelist. It's the same thing we've seen,
you know for eons in the business world right with recommendations and people promoting you.
So really you have to find a tangible business problem that needs to be solved and then find a
willing sponsor through actually having them open from the start or the pain is so significant that
they have to come to the table.

AG Tan- You know what I love about you know that framework you've just provided is first of
all it’s very practical. Yeah, | keep saying that word but that's really important to me. But
secondly, it actually resonates with my own experience, you know, as a technologist right. That
you know, most technologists be they data scientists or software engineers and computer
scientists, you know, they still want to know that their work product is useful, you know, it's sort
of like a deep human need I think to feel like you are actually contributing. So even if you're
chasing, you know, interesting problems are given freedom to that. I think that will get old if you
never see the fruit of your labor ever being applied in a real way. Once | had the opportunity to
give a presentation to a software development team about their ultimate customer right. Because
as a consultant I got to work with the ultimate customer and | got to give a presentation to the
software developers who are developing the software that was used by the consultant to deliver,
you know a solution for the ultimate customer and | couldn't get over how hungry they were to
hear about and understand their customer, you know, and so | imagine that if you're a company
kind of struggling with part of this problem that maybe you have data scientists and you feel like
you're not getting that much out of them, you know, maybe sort of maybe you're approaching it
the wrong way.

Dallas Crawford- Yeah, you can't emphasize it enough. | don't have the figures readily in front
of me, but data science, especially in what | would call not the private sector but within
companies, so what | would call internal data scientists non consultants. There is a very high
turnover and when they're interviewed that turnover is largely driven by what you just described
and my point is they don't like the pitfalls of those internal teams. They can't stand them as much
as the companies who hired them and they all want to figure it out; because ultimately they do
want to get the satisfaction of things being the deployed. And again, they are smart enough to
pick these things up with the right level of focus and approach So to that point the way to reduce
that turnover and simultaneously make them more effective to your business, which is the win-
win is to manage them, keep them focused on business problems, give them the resources from
the business that they need to succeed, or train your own business users. A lot of times, we find it
very successful to take people who understand a process or understand data and train them on the
fundamentals of data science. So it's not a one-way street that you have to find a ready data
scientist. You can absolutely find this talent within your business units today. And train them on
those fundamentals and they'll be equally or maybe even more successful because again, they've



had the tried and true experience of living in that process. But either way that is definitely the
way to get the most from it.

AG Tan- Now, that's great advice Dallas thank you so much for joining us today. Well, that's it
for today. Thank you for listening. We would love to hear from you. Do you have anything you
would like to Ask QueBIT About Analytics? You can tweet us at AskQueBIT or email us at
info@Quebit.com. That's info@Quebit.com. Until next time.



