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CONVERSATIONS 

What Managers Need to Know About Big Data 
An Interview with Foster Provost  
Foster Provost talks with Jim Euchner about the accelerating growth of big data and how to profit from it. 

Foster Provost and Jim Euchner   

A convergence of trends—mobile data, the Internet of 
Things, and advances in machine learning, among 
others—is driving a surge in interest in big data. The tools 
and techniques for exploiting big data streams are applic-
able across a wide range of domains, from manufacturing 
and predictive maintenance to marketing and fraud 
detection. In this interview, Foster Provost, a professor of 
data science at New York University and author of Data 
Science for Business, discusses trends and challenges in 
big data and what R&D managers need to know to 
manage it. 

JIM EUCHNER [JE]: You’ve been working with machine 
learning and large data sets since before people were calling 
it big data. What is it that’s making data analytics so hot 
now?  

FOSTER PROVOST [FP]: The interest has been building. Ten 
years ago, data analytics was an awful lot hotter than it 
was back in the ‘90s; now it’s so much hotter than it was 
10 years ago. There is a triumvirate of factors driving this, 
which include the greatly increased availability of data; 
the fact that computers are now fast enough to analyze it; 
and the maturing of the analytical technology itself. 

Back in the early ‘90s, you had to carry data in the trunk 
of your car from one place to another; you had to find some-
one who could read that sort of tape, and then find someone 
who had a powerful enough computer to be able to analyze 
it. Then you had to build your own algorithms. The Internet 
has gone a long way to solving the first problem, as systems 
are increasingly interconnected. Of course, computers 
have gotten faster and faster, following Moore’s Law, and 
analytic technology has followed these developments. 

The truth is that many of the key algorithms were 
already there, even back in the ‘90s. As the data has 
become available to analyze, people have worked on 
making the analytic technology more mature. The expo-
nential increase in the availability of data is really the main 
reason big data is hot right now. 

JE: There is a lot of data available just because so much is 
now online: enterprise systems in corporations, click 
streams on the Internet, and now, the Internet of Things. 
It’s not just that data is more conveniently available; it’s 
that there is a lot more of it. 

FP: These are two different things. It is certainly more con-
venient to access data now: data that previously would 
have been stored in an inventory database or at the point 
of sale is now available in enterprise systems. 

But everything is also more instrumented now. The 
activities of people are instrumented through web-based 
systems and their mobile phones, so activities that had pre-
viously been invisible are now recorded. In the past, when 
you watched television programs, nobody saved what you 
watched, so they couldn’t do analytics to recommend to 
you what to watch next. We also didn’t know where people 
were physically. This is amazingly useful information that 
just wasn’t recorded before smartphones and web-linked 
cameras and so forth. 

Things are also increasingly instrumented. With the 
Internet of Things, we’re seeing a much wider variety of 
the devices we use getting instrumented, from elevators 
to thermostats. This newly available data means that there 
are opportunities for a whole new range of analytical 
applications. 
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JE: When you talk about computation, Moore’s Law has 
played a big role, but are we also seeing a shift toward more 
parallel computation and different kinds of data structures 
that allow faster processing of data? 

FP: Both. In the ‘80s when I got my master’s degree in 
parallel computing, that was the hot thing, but very few 
people had a Connection Machine or a hypercube system 
or a network of workstations that really could work 
together. And, to be honest, few really were ready for that 
capability for data analytics. When we were working on 
fraud detection at NYNEX (now Verizon), those data sets 
were bigger than almost everything that people these days 
are calling big data; they were larger data sets with higher 
velocity, more variety, and they were more dynamic. And 
what did we use? We used a massive SQL system, highly 
optimized. It was a big Oracle system. 

But once you start gathering every single click on every 
web page that everybody makes, you’re probably going to 
need something more powerful than that. And maybe 
more importantly, you don’t necessarily know at the outset 

what you’re going to do with the data, so you don’t know 
how to structure it appropriately. It was really when Google 
started to focus on search engine performance that 
they essentially rediscovered and reinvented the idea of 
MapReduce. Then Yahoo made Hadoop and then every-
body started realizing that, with these massive amounts of 
data, you need to do a lot of things that are largely filtering 
and aggregating. You can do these things amazingly fast 
with these big-data architectures. And that was just the 
beginning. 

I think there is a related development that may be even 
more important than the availability of data, faster comput-
ing power, and the maturing of analytic algorithms. I think 
that it is one of the main reasons analytics is hot right now. 
That is that the decisions made with the analytics can now 
be much more easily implemented once they are devel-
oped. Prior to this web era, the data was in one system; it 
had to be extracted and processed by the analytical staff. 
Even if you had discovered a way to significantly improve 
the processes, you had to figure out how to deploy it. Often, 
you would have to build a system specifically to do that. 
That is a big hurdle for most organizations. 

Now, everything is actually happening within one 
system. The data are there; the analytics can be embedded 
there and the decisions can be made there and then. 
Walmart, which is a pretty data-savvy company, may have 
been able to make recommendations to people, but what 
could they do with the information? Put it on a receipt, 
after the people had already checked out? Compare that 
with Amazon: if they make a decision or recommendation, 
they can actually implement it immediately and the effort is 
almost trivial. It is the ability to implement the analytic 
insights and decisions that has been the key factor in 
driving the excitement with big data now. 

JE: That’s very interesting. It’s a matter of the ease of 
integration of the results into websites and phone systems 
and integrated corporate systems as much as the analytics. 
Can you give any examples of new types of problems that 
just wouldn’t have been feasible to solve before? What 
new problems are people solving because the algorithms 
have gotten better and the computation speeds have gotten 
better? 

FP: People ask me a lot, “So what’s the next frontier?” I 
have had some success in being ahead of the curve, but 
to be honest, if I really knew that, I’d be talking to you from 
my chateau in southern France. Nonetheless, I think 
there’s a framework for readers to be able to answer this 
question for themselves. It follows from that last observa-
tion: forget about the idea of analytics algorithms and 
advances in processing power; think instead about the 
availability of data and the ability you have to implement 
the decisions your algorithms make. 

We can use this as a lens on the history of the expansion 
of analytics, as well as a way to look forward. Some of the 
earliest applications of what we would call big data analy-
tics today focused on fraud detection, especially in the 

Foster Provost, author of Data Science for Business, discusses trends 
and challenges in big data and what R&D managers need to know 
to manage it.  
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telecom and financial sectors. Why? Certainly, the costs of 
fraud were significant, but that was not sufficient. I think it 
is because the data already were available in the system and 
the decisions could be implemented within the system. 
Take credit card fraud: credit card transactions were already 
getting approved, so the system was already there to auto-
mate inferences about fraud status, and also to evaluate and 
improve the algorithms. The same was true for telecom 
fraud: somebody makes a call; if your algorithm says you 
should block the call, you block the call. You don’t have 
to build a new system. 

JE: That suggests how managers identify good candidates 
for data analytics: look for where there are decisions that 
are already being implemented in a system and see if they 
might be improved with analytics. 

FP: Yes. In particular, look for cases where the data to be 
analyzed and the point of application for the result of that 
analysis are both in the same system. A great case study of 
the precocious application of data-analytic technology is 
online advertising. At a company like Dstillery, real-time 
machine learning runs every single day and builds thou-
sands of new models, all completely automatically. No 
human interaction at all is required to build and test these 
models, and when they improve the results, the model 
that’s in the system is changed automatically. I don’t know 
any other area where we have this level of automation of 
predictive modeling. 

JE: This seems almost like meta-analytics. Why is it neces-
sary to keep refining these models? 

FP: There are at least three reasons. One is that the environ-
ment changes. The best online advertising uses ultra–fine- 
grain data on all the different actions people take online, 
for example, the websites they visit. The websites you visit 
are very, very revealing as to what your predilection for dif-
ferent brands would be. You build a model that relates the 
sites someone visits to the brands they might buy. But the 
world changes. Next week, or even tomorrow, there’s a dif-
ferent set of websites out there; this changes pretty fast, and 
the models have to adapt. 

It’s also true that, the longer the campaign runs, the 
more data you have; if you have a significantly larger 
amount of data, why wouldn’t you build a new model 
that would be potentially more accurate? To tell the truth, 
when you start a campaign, you actually don’t have any 
of the data you really want, which is data on people 
who will respond to an offer after having been shown 
an ad. That’s what you really would like. At the start of 
a campaign, you don’t have anyone actually buying any-
thing after they’ve seen a particular ad you presented to 
them. So you build the models based on a proxy. Then, 
as soon as you start showing ads, you start to gather the 
kind of data you need and you can update the model. This 
is really sophisticated, state-of-the-art data science in 
action. 

One of the most fundamental principles 
I teach to managers is not to think 
about the opportunity by asking, How 
should I mine the data I have?  

JE: That’s an application where there’s so much dynamism 
that you need a self-learning, constantly changing system. 
For a lot of applications, you need real-time data, but the 
world doesn’t change that much. 

FP: That’s absolutely right. And sometimes the world doesn’t 
change but the phenomenon itself is changing. In fraud 
detection, for example. (Or, within the enterprise, modeling 
for compliance monitoring for detecting employee miscon-
duct.) As soon as you put a model in place, the phenomenon 
starts to change in response to the model as those commit-
ting the fraud detect the detection and find new ways of 
committing fraud. You need to start working on your next 
model as soon as you put the last model in place, so you 
begin gathering the data to build the next model. 

JE: I’ve talked to people who say, “We’re going to build a 
big data lake or we’re going to build a big data repository 
and we’re going to use data mining to find the problems 
we should solve.” It’s the discovery approach to data 
mining. How successful has that been? 

FP: I have never seen it work—I mean where there wasn’t 
some solid idea for a good application in advance—but I 
would love to read a case study of its being successful. 

JE: It may just be that people want to get going and they 
don’t know which problem to solve, so they just start by 
getting data. 

FP: I teach in our MBA program and in our Master’s of 
Science in Data Science program, and one of the most fun-
damental principles I teach to managers thinking about 
data analytics and data science is not to think about the 
opportunity by asking, How should I mine the data I have? 
You might come up with an interesting project there, but I 
think there are going to be a lot of false positives and a lot of 
false negatives. 

We need to think about data as an asset on which we 
might get some return through data analytics. But the 
return is going to come through solving business problems. 
We should start by thinking about what are the important 
business problems or opportunities we have, and then ask 
what ways there are in which our data might help. 

The reason I like to think about data as an asset is that it 
causes us to ask questions like, Could we invest in data to 
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solve this problem? The most interesting applications are 
not coming from people looking to what data they have 
lying around and how they can mine it; it’s people 
thinking, “Oh, if I only made this investment in data and 
analytics, then I could do something really interesting.” 

For example, if I wanted to target online advertisements, 
I might say, “If only I could gather the data on the locations 
where people spend their time, that could improve my 
targeting. How could I build a system that could get that 
data? Or how might I buy that data from someone who 
might already have it?” 

The Signet Bank story in the first chapter of Data Science 
for Business is a very nice example of this. Back in the ‘80s, 
banks were working to achieve economies of scale. There 
was massive consolidation. Interestingly, the banks were 
offering credit cards to everybody on the same terms, which 
seems bizarre to us now. Banks were actually afraid to give 
different terms to different people because they believed 
that the customers would revolt if they found out some-
body else was getting better terms than they were. So 
two consultants went around to the banks and said, “Let 
us work with you to build systems to figure out what are 
the best terms for each customer segment.” All the big 
banks turned them down. They finally got to little Signet 
Bank in Virginia, which agreed to try it. 

So they started working on the problem and realized 
that they could not actually build models to predict 
whether or not some one would be a good customer for a 
given set of terms because they had never given customers 
different sets of terms! What can you do? They decided to 
start by giving people credit cards with different terms— 
they made an investment in data. 

If they hadn’t taken a strategic perspective that this was 
an investment in data, as soon as they started having higher 
write-offs from these experiments, the stakeholders would 
have stopped the program. If you randomly, or even 
smartly, start giving people new sets of terms, you’re not 
going to do as well at the start as the smart people who 
have figured out over the years what the optimal set of 
people was to give the traditional set of terms to. That exact 
thing happened with Signet Bank—they started to have 
higher write-offs. The consultants probably would have 
been fired except that the company took the strategic 
perspective, that they were building a data asset. 

It took a couple years, but eventually, it started turning 
around. They were learning who the best customers were 
for a given set of terms. They started to skim the cream 
off of all the big banks because they could find out who     

We’re used to investing in all sorts of 
assets. Why shouldn’t we treat data the 
same way? 

were the best customers and give them better terms. They 
started to be more profitable and ended up becoming the 
biggest consumer credit issuer in the country, in the world 
maybe, Capital One. It was because they took a data-driven 
approach and because they invested in data by doing 
experiments during which they were willing to tolerate 
increased write-offs. This is powerful, but it is also costly 
in the short term because the returns from the initial, 
near-random targeting aren’t nearly as high as the returns 
from your best model so far. 

Once you think about data as an asset, it makes sense. 
We’re used to investing in all sorts of assets. Why shouldn’t 
we treat data the same way? 

JE: What have been some of the pitfalls or critical success 
factors that you have seen for those applying data analytics 
to their businesses? 

FP: Thinking that data analytics is going to be magic or easy 
is a big pitfall. You can’t hire a couple of data scientists and 
expect them to solve your biggest problems. No. This is an 
undertaking that will take time, and you have to sit down 
and decide you’re going to commit to it. You have to put in 
place the right (cross-functional) team. 

Another pitfall is not scoping the project well, not 
thinking it through. Yet another pitfall is not having good 
analytical people to work on the problem, which sometimes 
stems from not having the capability to assess them. If you 
assign some people to work on a problem and it fails, was 
it because it couldn’t be done? Was it because there’s some 
randomness in the process, and sometimes things fail? Or 
was it because you put the wrong people on it? How can 
you even tell whether you’ve got good analytic people? 

Experience shows that the best data scientists are orders 
of magnitude better than average data scientists. A below- 
average data scientist is actually worse than none at all: 
not just because they may waste money on poorly defined 
projects but because you may wrongly conclude that a 
really good problem can’t be solved. We’re still at the stage 
where sophisticated data analytics has to prove itself in 
many companies, so an early failure can be deadly. 

JE: How do you identify and attract data analytics talent, 
the people who are an order of magnitude better than 
the average? 

FP: That is the number one question firms face with data 
analytics. It’s hard for multiple reasons. One is because it 
takes one to know one right now. We don’t have creden-
tials you can rely on, like an engineer who graduated from 
MIT and then worked for GE for 10 years. There have only 
been data science degrees for a few years now, and only a 
small number of those people have gone out and gotten the 
kind of experience you need to be effective. 

Firms have to somehow solve this chicken-and-egg 
problem. If I just have a bunch of people who don’t really 
know much about data science, how am I going to identify 
whether a candidate is a good data science candidate? Even 
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if I were able to identify them, why would they come and 
work for me? Data scientists can choose where they’re 
going to work, so managers have to understand what it is 
that data scientists value. To tell you the truth, they don’t 
value working with a bunch of people who don’t under-
stand data science. You might attract them somehow or 
another but they’re not going to stay. 

When I say that management needs to understand data 
science, I don’t mean understand the technical details of 
the algorithms. I mean that they understand the funda-
mental principles—the idea of treating data as an asset; 
the difference between building a model and applying the 
model; some sense of the different sorts of analytics that 
could be applied; some understanding of the process— 
especially the evolution of uncertainty over the course of 
an undertaking. The process for doing data science is 
becoming well understood; it is important that managers 
understand it. When you get down to it, these are the kinds 
of things we teach in a data science 101 course for MBAs. 

Most data scientists I know also want and need to work 
with other data scientists. It’s pretty lonely to be the only 
data scientist, even if the managers understand what you’re 
doing. You want to be able to talk about your new idea 
with someone else and learn from people with different 
expertise. I think of the good data scientists, and the great 
ones as well, as being very deep in some area and then 
having a shallower knowledge of a bunch of others. 

JE: You’re familiar with Topcoder and Kaggle? I spoke with 
Karim Lakhani, a professor at Harvard, about using contests 
to solve hard data analytics problems.1 Can you outsource 
data analytics through computational competitions? 

FP: I don’t think so. Not the important stuff. 
What’s the contest good at? The contest is good at get-

ting a bunch of smart technical data scientists to take a data 
set and figure out what the best algorithmic means are for 
coming up with, let’s say, a predictive model that does well 
by some measure you establish. The reason I am not a fan 
of these contests is that you’re somehow implying that the 
algorithm development is the valuable part of the process. I 
think that if you’ve gotten to that point, you’ve pretty 
much solved your problem. 

The hard challenge is formulating the problem in the 
first place, figuring out what data you need, figuring out 
how to invest in getting the data, finding out that those 
data aren’t actually what you thought they were, figuring 
out how to properly evaluate a result, and so on. The 
problem formulation is, to me, the key to solving important 
problems—not in finding that a 100-model custom ensem-
ble does better than a linear regression. 

In the end, if you don’t have people who understand 
modeling and people who deeply understand the business 
problem, you’re not going to set the problem up well 
enough for a contest in the first place. 

The process for doing data science is 
becoming well understood; it is 
important that managers understand it.  

JE: Your view, then, is that you have to have good data 
scientists to formulate the problem, and once they’ve done 
that, they will probably be able to find a solution that’s a 
good one. 

FP: Yes. Let me expand on that. I think what you need to do 
for successful data science is to build cross-functional teams 
to work on solving the problems together. That team 
should include the scientists, of course, but you also need 
people involved who understand all the real-world stuff 
that’s relevant to solving the problem, people who know 
the constraints around the solution. 

A lot of times, you have solutions created that you can’t 
implement for some reason. Why didn’t the data scientists 
know about that? Because they were off trying to solve the 
problem in a vacuum, not working closely with the people 
who understand the domain. Of course, you face other 
hurdles. You have to escape from the organizational inertia 
and from the mindset that you can’t do a whole bunch of 
stuff. 

Finally, you have to have people involved who know 
the data. Often, the people who are on the business front 
line don’t really know the details of the data. The data 
scientists don’t know the details of these specific data, 
either. There is often a separate set of people who know 
the data. 

I believe that there’s another thing you need in order to 
have successful projects, which is executive buy-in at a 
pretty high level. You’re going to be chasing around the 
organization trying to understand the problem and the 
data available to you, and if you don’t have engaged 
political support, it will take a very long time to get 
cooperation. 

JE: Let’s talk a little bit more about how managers can think 
through the lens of data analytics. You said that you need 
to think about where value can be added through better 
decisions, and think backwards from there. You also said 
that you need to think in terms of the vehicle through 
which the decision will be implemented. Finally, you 
emphasized the importance of thinking of data as an asset, 
as something you should be willing to invest in. What other 
advice for managers do you have? 

FP: I think that managers need to understand that data 
analytics is much more like R&D than it is like most 
projects that managers are accustomed to managing. Even 
(or maybe even especially) managers that come out of 

1Jim interviewed Karim Lakhani for the September 2016 edition of 
Conversations. See “Innovating With Crowds,” Research-Technology 
Management 59(5): 15–21.  
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The best way to manage data science is 
not through mega-projects but by going 
through cycles of increasing investment, 
reducing uncertainty with each cycle. 

IT want to be able to answer a set of basic questions: What 
will be the ROI on this project? How long is it going to take 
to do it? How much investment am I going to have to put 
into it? Can you tell me, specifically, what will come out of it? 

None of these questions can be answered for the most 
interesting data analytics projects. This can end up being 
a big problem because most managers have not worked 
on R&D projects, and even if they have, their procedures 
may not be well suited to high-uncertainty projects. In 
R&D, you attack problems that may have a 20 percent 
chance of success, and you manage the risk through a port-
folio approach. Most managers just don’t think or operate 
this way. 

The best way to manage data science is not through 
mega-projects but by going through cycles of increasing 
investment, reducing uncertainty with each cycle. You 
might not know whether you have the right data; you don’t 
know whether you can get the right data, if you don’t have 
it; you don’t know whether, if you had the data, you’d be 
able to build something that would predict well the result 
you’re after. So do an inexpensive pilot study and see 
whether there seems to be any promise. If so, then make 
a larger investment—but then maybe just a larger pilot. As 
you know well, Jim, this is essentially what you do in R&D. 

And even if the pilot study fails, you’ll know so much 
more after going through the cycle once that you’ll be able 
to invest better afterward—for example, decide whether to 
try again now that you know what you did wrong or 
whether the hurdles seem insurmountable. 

At some point, you may be willing to say that the pre-
liminary results, sort of in vitro studies, are good enough 
to invest in a production pilot: who knows whether the 
lab environment has replicated reality as well as is neces-
sary. If this works, you may roll the model out for a small 
subset of the population, randomly or by geography or 
whatever makes sense. You have this cyclic project struc-
ture, and once managers embrace it, they like it, because 
they get feedback much more quickly and they have much 
more interaction with the team. 

Once managers understand these fundamental princi-
ples of what data analytics is all about, they can be more 
effective. It’s hard to invest in data analytics if you don’t 
understand the fundamentals. 

JE: Who are the lead users in data analytics in the industrial 
space, outside what we might call new economy firms, like 
Google and Facebook and Netflix and Amazon? What are 

the challenges that industrial firms like Goodyear and Ford 
and Procter & Gamble face? 

FP: One that we already talked about is whether there’s a 
system within which to execute the decision the data ana-
lytics system makes. The new economy firms generally 
have everything in the system, so they have an advantage 
there. If they come up with a successful data science model, 
it can be implemented. This might not be so at Ford or 
Goodyear. Another advantage the new economy firms 
have is in putting together a good data science team; a lot 
of cutting edge analytics is taking place at these firms. 
The final difference is organizational culture. At Amazon 
or Google or Facebook, data is king. If they could possibly 
do it, every decision would be made analytically. They 
decide on how much food to put out on the second Thurs-
day in November based on some algorithm; everything is 
done with data. That is not so at most industrial firms, 
which were spawned well before 1998, when we were 
beginning to think in this way. 

JE: How do managers get up to speed with data science? Do 
they take one of those short courses at NYU? Do they go 
to seminars on the application of the technology? What 
do they do? 

FP: Well, the first thing they do is to read my book.2 

JE: Okay. I’ll go with that. 

FP: Actually, I’m only half kidding. The book was written spe-
cifically for managers trying to understand the fundamental 
principles of data science. It’s not an airplane book, though. 
It has just enough of the technical stuff but doesn’t go down 
into the weeds. I think managers should know just enough of 
the fundamentals to be able to start working through prob-
lem formulation. In the end, though, problem formulation 
is a craft: you can’t actually teach it. You need to go through 
the process, make mistakes, cycle back, and try again. A 
manager serious about learning this needs to try to work 
through the process on several potential applications. 

Something that I’ve seen work is to do this learning with 
a group of people in your company, with a skilled facilita-
tor, if you can find one. This cohort develops a common 
understanding of the principles and a common language, 
and they can work through problems together. It creates 
a sort of community that can be very helpful. And then 
begin the experimentation cycle. 

JE: So our time is just about up. What would you say are 
the most important takeaways for managers? 

FP: Of all this, I think the most important takeaways are 
probably five: 1) start by thinking of problems and opportun-
ities in the business, and then move to what data might be 

2Data Science for Business: What You Need to Know about Data Mining and 
Data-Analytic Thinking by Foster Provost and Tom Fawcett (O’Reilly 
Media, 2013).  
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useful—and possibly might require an investment to 
acquire—for example, in labor; 2) focus where decisions 
can actually be implemented easily, and remember that 
new opportunities often arise when new systems are put 
in place; 3) learn the fundamentals of data science, without 

which at best you’ll frustrate your analytics staff and at 
worse you’ll make bad investments; 4) keep in mind that 
data analytics projects are like R&D projects in terms of their 
uncertainty profiles, so manage them that way, and 5) create 
an environment where analytical employees can thrive.   
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