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			Introduction

			Hang on, why is the average always wrong?

			In a marketing presentation you might hear that ‘the average customer visits us 2.3 times a month’. That’s a comfortingly precise number, and it is easy to move on to a discussion about how you might increase it to 2.4 times a month without giving too much thought to the underlying data.

			But what is an average anyway? What does the figure mean, how should we interpret what an ‘average customer’ really is, and what might this simple overall figure be hiding?

			Consider two scenarios:

			
					In the first scenario, most customers really do come between two and three times a month. Your business is an occasional visit for almost all your customers. By diving into research and customer feedback about how people use your products, you can chase that increase from 2.3 to a higher figure. 

					But in the second scenario, it turns out that 10% of your customers visit you 20 times a month, and the remaining 90% only visit once every three months. That generates exactly the same 2.3 overall average frequency, but obviously reveals a very different story. In this reality, you’ll want to know a lot more about why some customers visit so frequently – are they different to the majority? Or is it that the customers who visit your business so rarely are actually equally avid buyers, but from your competitors?

			

			Getting a bit further under the skin of those simple overall figures is of massive value to business leaders. It is not the average of a set of data which is interesting, but instead the variances and discrepancies to that summary figure. When someone tells you that your average customer spends £100 with you each year, shops three times each year and has been a customer for 2.5 years, they are giving you only a tiny part of the story.

			In reality, almost none of your customers behave like that. What’s interesting are the differences between customers. The great power of modern data science is the ability to use complex algorithms to understand the real richness of data and what it tells you, rather than just being satisfied with simple summary statistics.

			The data debate

			Underneath all those averages in presentations is the underlying data. Data is a topic that consistently dominates discussion of the fortunes of consumer businesses around the world. How much of it does a business have? How good is its loyalty programme and what benefits does that programme deliver? Is the business deploying the latest cutting-edge machine learning and artificial intelligence to increase its profits? How customer-centred is the business, and how does it use ‘big data’ to achieve that?

			There is a good reason for all that focus on data. The rise of the pure play online business, powered by the latest technology and unencumbered by costly stores or legacy investments, poses a huge challenge for established consumer businesses the world over. And, as if all the other advantages these new online businesses had weren’t enough, they are awash with data. Since it isn’t possible to buy from an online business without providing them with your email address and quite possibly your actual address too, an online business acquires a customer database almost by default. No surprise, then, that they have used that data advantage ruthlessly – building predictive models and generating insights that enable them to squeeze just a bit more spending out of each customer than their mortal competitors can.

			Those of us in leadership roles in consumer businesses faced with questions from shareholders and analysts about how we use and extract value from customer (and other) data, could be forgiven for a bit of world-weary cynicism in our responses. After all, there is always something new we could be investing in, and some of those press releases about ‘artificial intelligence’ just sound a bit far-fetched, don’t they?

			Data and analytics only get easier to dismiss for busy leadership teams because of the increasingly obvious and frequently discussed ‘dark side’ of analytics. With big data sets being used to influence (and even arguably rig) local and national elections, and with global internet giants gathering an ever more terrifying amount of information about us, surely data is a topic best avoided?

			But consider these real-world examples of data and analytics in action:

			
					The business which uses computer-driven analysis of the words in emails from customers to pre-emptively sort the urgent ones (‘my delivery hasn’t arrived’) from the less urgent ones to ensure that the time of the customer services team is best used.

					The retailer that uses careful modelling of customer spending patterns to predict when a valuable customer has fallen out of love with the brand (or may defect to a rival) so that their communications to that customer can be tailored appropriately.

					The retailer that is able to build a predictive sales model to make sure each individual store holds exactly the right amount of stock of a new product.

					The cinema business that has implemented real-time dynamic pricing based on consumer demand for individual screenings of films, generating a significant uplift in yield-per-screening as a result.

			

			Building a data-led business

			All these examples, and the many more that we will explore throughout this book, are built on data. They represent real, practical and profitable consequences that flow from becoming a data-oriented and customer-oriented business. Far from being the preserve of Silicon Valley gurus with PhDs and supercomputers, a smart use of the data we have from around our businesses can make a big difference to our profitability and cash flow. And in a world where businesses of all kinds, online and off, are being challenged more and more by those data-centric new entrants, no business can afford to pass up that opportunity.

			So, what does it take to turn a consumer business into a data-led one? That’s the big question facing many leadership teams, and it can be an imposing and uncomfortable one. Many business leaders in retail, for example, have grown up with a sharp focus on supplier relationships, buying and merchandising, but with relatively little real customer data flowing back into decision making. Generations of leaders of those businesses have risen to the top based on their product knowledge, their negotiating ability, their operational and organisational skills – but have never before needed to consider how to mine and extract value from large amounts of consumer data.

			For many management teams, the ‘data discussion’ can feel like a strange and alien one. As a result, however, some businesses shy away from investing in the area at all, while others, knowing they need to do something, end up hiring experts or consultants but effectively leave them on the side-lines, letting them ‘do their data stuff’ while the real business carries on as it always has.

			Neither of those strategies are acceptable anymore, as the spectre of more and more competition looms in an era when consumers need better and better reasons to part with their money.

			Using this book

			It is time, then, for business leaders to embrace data and analytics and what those concepts mean for them and their teams.

			That is the purpose of this book. My intention is not to turn the lay reader into a fully fledged data nerd, building neural networks before breakfast and running statistical significance tests with glee. That’s neither possible, nor necessary.

			Instead, my objective is to give business leaders an insight into what is possible with data, to showcase some great examples of how analytical techniques can drive profits and, most importantly, to create a simple process for management teams to go through to make their businesses more customer- and data-centred.

			As you go through the process of becoming a ‘data-centric business’, you will end up hiring or working with data scientists who can do amazing and hugely complicated things with large data sets. Reading this book will not give you the skills they have, but it will enable you to ask the questions and make the investments that can unlock the power of data. It will also equip you to take the hardest step towards becoming a data-centred business: the cultural change you will need to create right across your organisation to build a community of business leaders who are on that mission with you.

			We are going to approach the challenge of building data into the heart of our business by breaking it into three steps:

			Part one is about analysing data: what can we do with rich customer and business data when we have it? What does best practice look like in analysing data and turning it into profit? What do some of the buzzwords and ‘of the moment’ analytical techniques really mean? How can the business leader who is not well versed in data (and may not have thought about statistics since school!) equip themselves to lead a data-centred business effectively?

			In part two we turn to gathering data: for many retail and hospitality businesses, customer data does not come as easily as it does to an online competitor, but it is essential to unlock the power of analysis we’ve explored in part one. What can we do to ensure we know as much as possible about our customers, our stores and the stock in our business, as well as ensure that that data is safe, accessible and useful? We’ll review some obvious and not-so-obvious sources of useful data that can transform your ability to run your business. We’ll even explore the data sources that can give you a real edge over those online new entrants.

			Finally, in part three we really get down to business as we consider how to build a data-centric business. It’s one thing to have people generating clever insights, but how do we turn that into real profit? That requires teams all around the company to alter how they do business and can require a big culture change. We’ll adopt a pragmatic approach to putting data at the heart of everything the business does. Generating value from data also requires us to reconnect with what our data points really represent – actual customers, products and suppliers. Turning analysis and insight into profit requires us to take a big step from the theoretical world of numbers towards the practical world of the customer experience that we create in stores and online.

			My intention is to go through each of these three steps in a way that is relevant and useful for the business leader in the real world. We’ll touch on technology, but not in a way that only your CTO could follow. We’ll even touch on the mathematics of data analysis, but in a way that is designed to leave no-one behind. We’ll take the fear and anxiety out of the topic of data and make it an integral and natural part of your business strategy.

			As you read through the book, you’ll find specially marked-out sections which explain some of the terminology and concepts that are important for our journey. If memories of school maths classes bring you out in a rash, you can skip these sections first time through – the story the book tells makes sense without them. At a later reading, however, I’d encourage you to dip a toe in the water – none of these sections are particularly ‘maths-y’ and the concepts they contain will really help you to think about your business differently.

			Why you need this book

			Throughout our journey into data we’ll take breaks to explore case studies. Some of those will be recognisable, whilst others, for confidentiality reasons, are anonymised. All of them, though, represent real and practical ways to turn data into money.

			You’ll also find encouragement throughout the book to explore these topics with your own team. There is no better case study than your own business and so, by auditing the data you have and the kinds of things you could do with it, you’ll get a head start on turning the topics in this book into practical reality.

			The rise of something important like data science, and particularly the more complex aspects of data science like machine learning, always creates with it a mystique and a sense that something new and unknowable has arrived on management’s to-do list.

			That is made worse sometimes by the self-interest of the consultants and outsourcers who are quite happy peddling the myth that data science is something you couldn’t possibly understand and instead should just write large cheques for.

			Don’t be taken in by the rocket scientists. Over the course of this book, you’ll discover the machine learning technique that can be done on an Excel spreadsheet. Some of the topics we’ll explore are necessarily complex and are best left to the experts to implement. None of them, however, are beyond our understanding as business users, and our businesses are better off if management teams are comfortable with data science and can ask those same experts the right questions.

			When done well, the process of becoming a data-centric business creates narratives in a business. Interesting explanations for odd patterns in data create new product and service ideas, prompt experiments and process changes, and those in turn generate new data that can take the business even further forward. If data analytics is only used as a ‘borrowed garment’ – something to talk about in the annual report but best left to the boffins and away from the real business – then it is worthless. But, as an integrated part of building the story of the business and its relationship with its customers, data and analytics are powerful tools indeed.

			Let’s start, then, in part one, by exploring some of the data analysis techniques that might transform the fortunes of our businesses.

		

	
		
			Part One: Data analysis that drives profit

		

	
		
			In the first part of this book, we’ll come to understand a variety of ways in which data can be turned into profit.

			We’ll begin by reviewing some of the core concepts, settling on some terminology we’ll use throughout the book and familiarising ourselves with some of the underpinnings of data and how to understand it. We’ll explore some common mistakes that result from not interrogating data carefully enough and then review both ‘unsupervised’ analytical techniques, like segmentation, and ‘supervised’ techniques, like the construction of predictive models.

			We’ll touch on some aspects of statistics and probability theory in order to make sure we are well placed to interpret the results of our analytical models, and then finish with a practical review of how we might use our understanding of analytical techniques to explore our own businesses, generating questions for our data-science team that might lead to new innovations and financial returns.

		

	
		
			Chapter 1: A few useful concepts

			In this chapter, we will explore more about how to get beyond simple averages and see more examples of the business benefits that accrue when we do. Along the way, we’ll pick up some terminology that will help us on our journey in later chapters.

			The language of data

			Before we dive headlong into the business benefits that can be derived from data, we need to agree some language, so that we can be sure exactly what we are talking about.

			Like many topics clamouring for the attention of business leaders, data is awash with terminology. Let’s begin, then, by defining some straightforward and practical terms:

			
					By data, we mean (perhaps obviously) the set of things you can know about your business. That might be a fact about a customer (their address), something a customer has done (a purchase they have made from you), a fact about your business (the number of units of a particular product in an individual store) or any number of other things. Each of these facts is a data point and together they represent a tiny insight into your business, your customers and your wider network of partners and suppliers. Businesses today are swimming in data – if only they can harness it, understand it and extract value from it.

					A database is where you put that data in order to be able to ask questions of it. There are obviously a variety of different technical solutions and platforms available to do that. We won’t concern ourselves with much of that technical detail in this book, but we will explore some of the ways that a database can be used and the kinds of questions that we can ask it. When you have a very large amount of data, some of the underlying technologies to handle and process the data are different, which is when you’ll start to hear people talk about big data – again, from our point of view, this is underlying technology that we don’t need to worry too much about

					Data science is a grand term for the suite of analytical tools that you could apply to extract knowledge and insight from your data – we’ll see lots of practical examples in this book. You’ll also see the phrase data mining used in a similar context. There are many techniques that fit under the general banner of data science. One key split which we will explore in this book is between supervised approaches, where you are using data science to try to answer a specific question (predict future behaviours, for example), and unsupervised approaches, where you are simply trying to understand the data by breaking it, for instance, into segments or clusters. We’ll see real-world examples of both.

					Machine learning is a specialist area of data science that uses computers to fit models to your data, building prediction engines that attempt to tell you (as an example) which of your products a specific customer might be most interested in buying. You can think of machine learning as a subset of artificial intelligence (AI), which is the broad topic of building computer programs that can learn from data. You’ll hear people at conferences talk a lot about AI, but it is also an often misused and over-hyped term. Machine learning is really the subset of AI that has most relevance to your journey to becoming a data-centric business (though there are other aspects of AI that are being used to automate warehouses and add value to businesses in other ways too).

					A neural network is a specific machine-learning model which is also used in analysing data, particularly where the data set and the question you are trying to answer are quite complex. A neural network is so-called because it uses an algorithm that resembles the way neurons in our brains are interconnected. Unfortunately, that gives a powerful data-science technique a name that is far too sexy, meaning it gets over-used at those business conferences a lot. In fact, it is just one among many analytic techniques that a data scientist might apply to your data, depending on the problem you are trying to solve, and often will not be the best one to use.

					And finally, data-centric business is a term I’ve made up for this book to represent our end goal. Those businesses which are really brilliant at mining insights out of their data have a set of common characteristics and capabilities and we will discover them as we go through the coming chapters.

			

			Buzzword bingo is a championship sport in this area, as you can see. As we go through the book we’ll try to stick to a small set of technical terms and instead use the old-fashioned technique of describing things in English. If someone tries to bamboozle you about how they are using ‘algorithms deployed on a cloud-based data lake’, then challenge them to do the same (it means they are doing some data science stuff on a big database).

			Why the average is always wrong

			Over the years, I’ve seen businesses waste huge amounts of time and money chasing opportunities that simply don’t exist, while missing out completely on ones that do.

			For example, remember the marketing presentation from the introduction that told you your customers visit on average 2.3 times a month? We’ve already explored the ways in which that figure might be misleading. But that’s not the end of the story. Presentations like that often move on to describe your customers demographically. You might hear that your customers tend to be older than average, live in the north west and have pets.

			But how true is that really? If 10% of the population live in the north west and 15% of your customers do then it is true that your customers are more likely to live there, but it is also true that 85% of them don’t.

			It’s too easy, though, when a table of numbers or a graph is presented to take it at face value. Before you know it, the management conversation is dominated by a pen-sketch of dog-owning Cumbrian pensioners even though they are a minority of the customer base.

			We need a way to see through these summary (and misleading) statistics and get properly under the skin of what our data is really telling us about our businesses.
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			Meet the blobs

			We are going to analyse a hypothetical retail business. It has customers, of course, and we will represent them on the charts we look at here as blobs. In the real world, your customers have names, addresses, faces and interesting back stories. I’m sure the blobs do too, but for our purposes we will consider them as simply data points on a chart. On some charts the blobs will all look the same, and on some they will appear in different groups, depending on some action they have taken or on something we know about them. Indeed, many of the analytical techniques we will explore are ways of dividing them into groups, perhaps based on how likely they are to buy a specific product.

			To begin with, then, let’s consider some of our blobs and how much they spend with our business each week:

			Weekly spend in store per blob

			[image: ]

			Looking at a graph like the one shown here will no doubt cause you flashbacks to school maths. We can use some statistics to describe what we are seeing in this chart:

			
					The mean (which is what we usually mean when we say average) spend per week across our set of blobs is £73. You calculate that by adding up all the spend from all the blobs and dividing by the number of blobs – in this case, eight.

					The median spend per blob is the number which occurs halfway up the list, if we put all the individual spends in order from smallest to largest. In this case that is halfway between two points, because we have an even number of blobs, and is £76.50. The point of the median is that exactly half the blobs spend less than the median and half spend more, so it gives us a kind of middle point. Note that the mean and the median don’t have to be the same, and in fact can be quite different. If we had nine blobs spending £1 a week and one spending £91 a week, then the mean spend per blob would be £10 (the £100 total divided by ten blobs), but the median would be £1.So far, so good. But even if we want to treat all our blobs as somehow part of a single set, we need more than the summary figures of the mean and median to describe them. As an illustration of that point, the two sets of blobs in the next graph look very different, but in fact they both have the same £73 mean and £76.50 median spend figure as our main data set – so we need more statistics to really describe our blobs and their behaviour.
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			The solution to better describing the big differences between these data sets (which the median and mean do not capture) is the concept of standard deviation. The way the blobs’ weekly spend is spread out from highest to lowest varies significantly between these three data sets and is almost the final bit of school statistics that we need (for now) to continue our journey.

			Standard deviation is a measure of how spread out the data is from the mean. If all the values are very similar to each other, standard deviation will be low. If the data is widely spread out, however, the standard deviation will be greater.

			In the case of our initial data set of blobs, the standard deviation of their weekly spend is £37. Effectively, this is the average distance between each blob and the mean figure. For the mathematically minded, it is actually the square root of the average squared distance between each data point and the mean, but I promise you there won’t be a quiz on that later!

			Standard deviation, and the more general topic of how much our data is spread out or gathered together into similar clusters, is a very powerful concept, and we’ll explore it more through the course of the next chapters. For now, it suffices to say that if we are trying to describe a set of data points, like the weekly spend of our blobs, then the mean, median and standard deviation are powerful variables to summarise what we know about those points.
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			Getting behind the average

			Understanding the detail behind a headline statistic is an incredibly important first step for a data-centric business. Understanding how the individual data points are actually spread out, either using statistics like the ones in the previous section or even just by looking at a plot of the raw

			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
					Statistical significance is about comparing two hypotheses – in this case, comparing the hypothesis that the north’s performance is better than the south’s, with the null hypothesis that they are actually the same and that the difference in the figures is just random chance.

					The answer is measured against a threshold significance level. You’ll often hear statisticians and researchers say things like ‘these performance figures are statistically significant at the 95% level’, which means that there is only a 5% chance that the difference is randomly generated.

					Mathematically, if you are curious, what usually happens in a case like this is we make the null hypothesis that both north and south teams are effectively the same population of people, with each person’s performance level distributed around an average – often the classic bell-shaped distribution which we’ll meet shortly. The maths would then work out the odds that if you randomly drew two sets of performance figures from that population, they would be as different from each other as the real north and south data are. If the chance of that is less than the acceptable threshold (5% in this case), then we are 95% confident that in fact the north and south teams are not the same, but rather two distinct populations with two different performance levels.

					Given that the maths is asking whether we could see such different performance results from two samples drawn from the same population, it should be clear that the more data you have, the better. If you only have a small sample of data, then it is harder to draw conclusions, but if you have lots of data, then you can be more confident in any differences you observe.

					The bigger the differences, you see, the less likely they are to be created by random chance and the more likely they are to be real evidence that the two teams are performing differently, not just displaying random variance from a single average.
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