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Introduction

Numbers do not feel. Do not bleed or weep or hope. They do not know bravery or sacrifice. Love and allegiance. At the very apex of callousness, you will find only ones and zeros.

Amie Kaufman, Illuminae

Numbers are cold and unfeeling. People often dislike them for that reason, and it’s easy to understand why. At the time of writing, newspapers still report on daily death tolls from Covid-19, the pandemic which began to sweep around the world in the first half of 2020. When, in Britain, those daily tolls dropped down to the mere hundreds, where before they had been in their thousands, it felt like a light at the end of the tunnel.

Every one of those people, though, was an individual; they were unique. We can talk about the number of people who died during the pandemic – 41,369 in Britain by August, or 28,646 in Spain; or however many will have died around the world once the disease has eventually run its course, if it ever does. But that stark number tells us nothing about those individuals. They all had stories – who they were, what they did, who they loved and who loved them back. They will have been mourned.

Representing all those lost lives with a simple number – ‘today X people died’ – seems both harsh and stark; it ignores all the grief and heartbreak. It elides all that individuality, all those stories.

But if we hadn’t recorded daily death rates, and therefore kept track of the spread of the disease, it is very likely that many more people would have died. Many more unique, individual stories would have been brought to premature ends. We just wouldn’t have known how many.

In this book, we’re going to talk a lot about numbers: about how they’re used in the media, and about how they can go wrong – and give misleading impressions. But along the way we will need to remind ourselves that those numbers stand for something. Often they will represent people, or if not people, then things that matter to people.

This is, sort of, a book about maths. You may think that you are bad at maths and you may be worried you won’t understand it. You are not alone. Almost everyone seems to think they are bad at maths.

David teaches economics at the University of Durham. His students need to get an A in A-level maths to be admitted to the course, but quite a lot of them still say they’re bad at maths. Tom thinks he is pretty bad at maths, but he has won two awards from the Royal Statistical Society for ‘statistical excellence in journalism’ (he likes to drop that into conversation from time to time). David, too, sometimes thinks he’s bad at maths, and he literally teaches maths to people who are, themselves, good at maths.

You are probably better at maths than you think too. What you might not be particularly good at is mental arithmetic. When we think of people who are ‘good at maths’, we tend to think of people like Carol Vorderman or Rachel Riley off Countdown, people who can quickly do sums in their heads. They are good at maths, of course; but if you can’t do those sums in your head, it doesn’t mean that you’re not good at it.

Most of the time, we think of maths as having a right answer and a wrong answer. Again, that’s not really the case a lot of the time, at least in the sort of maths we’re talking about. For instance, take an apparently simple, if horrifying, number: the total death count from Covid-19. What number should we use? Should we talk about ‘confirmed’ deaths, where the diagnosis was established with a test? Or should we talk about ‘excess’ deaths, comparing the number of people who have died this year to the statistical average from the last few years? The two will give you very different answers, and which one we should use depends on what question we’re trying to answer. Neither is wrong; but neither is the ‘correct’ answer either.

What’s important is understanding why these numbers aren’t clear-cut, and why sometimes what sounds straightforward is in fact more complicated – especially since it is easy to use numbers to mislead or obfuscate, as people (notably but not exclusively politicians) have a tendency to do. These debates affect our lives, and our ability to participate in democracy. By analogy, it’s hard to have a functioning democratic state without a literate population; we need to be able to understand the policies our leaders are putting in place, in order to vote knowledgeably for or against those leaders when it comes to election time.

But it’s not enough to only be able to understand words. You also need to have some grasp of numbers. Our news increasingly comes in number form: police-reported crimes go up and down; a nation’s economy shrinks or grows; the latest figures on deaths and cases from Covid-19 are released. In order to understand the world around us, we may not need to be good at maths, but we do need to understand how numbers are made, how they’re used and how they can go wrong, because otherwise we’ll make bad decisions, as individuals and as a society.

Sometimes, it’s fairly clear how misunderstanding the statistics could lead to bad decisions: if we don’t know how many people have Covid-19, for instance, then we can’t judge the appropriate response. In others – such as those we’ll discuss elsewhere in this book, cases like whether or not bacon causes cancer, or whether or not drinking fizzy drinks makes you violent – it might not be so obvious. But we all use these numbers, consciously or otherwise, to help us navigate the world. Drinking red wine, taking exercise, investing money – we do these things on the basis that we think their benefits (to pleasure, health or wealth) outweigh their risks. We need to know what those benefits and risks are, and how big they are, if we’re going to make those decisions wisely. Often, we’re getting our understanding of those benefits and risks from the news.

You can’t rely on news organisations to give you those numbers straight, without exaggeration or cherry-picking. That’s not necessarily because they’re trying to deceive you; it’s just because they are trying to report exciting, interesting or shocking things, so that you buy their papers or watch their shows. It’s also because they – and we – crave narrative: stories in which problems have identifiable causes and solutions. And if you’re selecting numbers by how exciting, interesting or shocking they are, you’re likely to pick quite a lot that are wrong or misleading.

Also, while journalists are usually clever and (despite the stereotype) well intentioned, they’re not traditionally very good with numbers. That means the numbers you read in the news tend to be wrong. Not always, but often enough that it is wise to be wary.

Fortunately, the ways numbers get misrepresented are often predictable: for instance, they can be cherry-picked, by taking an outlier or using a particular starting point, or by chopping up the data repeatedly until you find something; they can be exaggerated, by using a percentage increase rather than the absolute change; they can be used to suggest causation, when really it’s just a correlation; and many other ways. This book will arm you with the tools you need to spot a few of them.

We don’t want to suggest that you can’t ever trust any number you read. We just want to help you make better decisions about which ones to trust, and when.

We’ve tried to keep the maths to a minimum. Almost everything that looks like an equation has been cut out and put into boxes outside the main text; you can read them if you like, but if you don’t it won’t limit your understanding.

Occasionally we haven’t been able to avoid some technical concepts, so you will come across things like ‘p=0.049’ or ‘r=-0.4’. Don’t worry. These are just shorthand for some fairly simple, real-life, concrete ideas which we are confident you’ll be able to grasp.

We’ve divided the book into twenty-two short chapters. Each one looks at a way in which numbers can mislead, using examples taken from the news. By the end of each chapter, we hope you will understand the problem and know how to spot it in future. We think it’s probably best to read the first eight chapters first – they contain some of the things that will help you understand the rest – but if you want to dip in and out, that’s also fine; if we refer to a concept we’ve discussed before, we’ll flag it up.

At the end of the book we make a few suggestions as to how the media could do it better – how some of the mistakes that we discuss can be avoided. We like to think of it as a statistical style guide, and we’d love it if you joined us in encouraging the media outlets that you watch and read to start using it.

So let’s get to it.


Chapter 1

How Numbers Can Mislead

While it is easy to lie with statistics, it is even easier to lie without them.

Attributed to the statistician Frederick Mosteller

Covid-19 has provided the world with a high-stakes, high-speed lesson in statistical concepts. The population suddenly found itself having to understand exponential curves, infection fatality rates vs case fatality rates, false positives and negatives, uncertainty intervals. Some of those were obviously complex – but even the ones that felt like they should have been simple, like the number of people who died from the virus, turned out to be slippery. In this first chapter, we’ll have a look at how an apparently straightforward number can mislead in surprising ways.

One number that we all had to come to grips with early on was R. It is highly unlikely that in December 2019 more than one person in every fifty would have known what the R value was, yet by the end of March 2020 it was being discussed almost without explanation on mainstream news broadcasts. But because numbers can misbehave in subtle ways, well-intentioned efforts to inform readers of how R changed ended up misleading people.

Here’s a reminder: R is the reproductive number of something. It can apply to anything that spreads or reproduces – internet memes, humans, yawns, new technologies. In infectious-disease epidemiology, it’s how many people, on average, will be infected by a single person with the disease. If a disease has an R of five, on average each infected person will infect five other people.

Obviously, it’s not as simple as that; it’s an average. An R value of five could mean that, if you had 100 people, every single one infects exactly five people; or it could mean that ninety-nine of them infect nobody at all and one of them infects 500 people. Or anything in between.

It’s also not a constant. The R of a new disease at the very start of an outbreak, when no one in the population has immunity to the pathogen, and no countermeasures are likely to be in place – such as social distancing or mask-wearing – might be very different to later on. One goal of public-health policy during an outbreak is to lower R, with vaccinations or behaviour changes, because if R is greater than one the disease will spread exponentially, and if it’s below one it will dwindle away.

But, considering these complications, you’d think that there would, in the case of a virus, be one simple rule: if R gets higher, that is bad. So you were probably unsurprised by the tone of the headlines in the British press in early May 2020, warning that ‘the virus’s R rate may have gone back UP’1 due to a ‘spike in care home infections’.2

But, as with everything else, it’s a bit more complicated than that.

Between 2000 and 2013, the US median wage went up by about 1 per cent, in real terms (i.e., adjusted for inflation).3

You do not need to read this box, but if you can’t remember the difference between a median and a mean average, go ahead.

You might remember ‘mean’, ‘median’ and ‘mode’ aver­ages from school. The ‘mean’ is the one you probably know: it’s what you get if you add all the values together and then divide them by the number of values. The ‘median’ is the middle value in a series.

Here’s the difference. Imagine there are seven people in your population, and one of them earns £1 a year, one of them £2, one of them £3, and so on up to £7. If you add all those values together, you get (1+2+3+4+5+6+7) = 28. You divide 28 by the number of people, seven, and you get £4. So your mean average is £4.

To get the median, instead of adding them together, you line them all up in a row – so the person earning £1 on the far left, the person earning £2 next, and so on, with the person earning £7 standing on the right. Then you see who’s in the middle. In this case, it’s the person earning £4. So your median average is also £4.

Now imagine that the person who earns £7 sells her tech start-up to Facebook for a billion pounds. Suddenly, your mean average is (1+2+3+4+5+6+1,000,000,000)/7 = £142,857,146. So even though six out of the seven people are in the same situation they were before, the ‘average person’ in the group (going by the mean, at least) is a multimillionaire.

In unevenly distributed situations like this, statisticians often prefer to use the median. If we do that, we line up our people from left to right again, and the person in the middle is still the person earning £4. In a real population of millions of people, this will tell you more about what the population is like than the mean will, especially if the mean is distorted by a few ultra-high-earners at the upper end of the income distribution.

The mode, meanwhile, is just the most common value. So if you have seventeen people earning £1, twenty-five people earning £2, and forty-two people earning £3, then the modal average is £3. It gets a bit more complicated when statisticians use it to describe continuous quantities, like height, but let’s just forget about that for now …


The median wage going up sounds like a good thing. But when you look at the population in smaller groups, you notice something strange. The median wage for people who hadn’t completed high school had gone down, by 7.9 per cent. The median wage for high-school graduates had gone down, by 4.7 per cent. The median wage for people who’d attended university but not got a degree had gone down, by 7.6 per cent. And the median wage for people who’d achieved a degree had gone down, by 1.2 per cent.

People who did complete high school and people who didn’t; people who did complete college and people who didn’t. So the median wage of every single educational group went down, and yet the median wage of the population as a whole went up.

So what’s going on?

What’s going on is that even though the median wage of people with degrees went down, the number of people with degrees went up considerably. As a result, the median starts doing strange things. This is called Simpson’s paradox, after the British code-breaker and statistician Edward H. Simpson, who described the phenomenon happening here in 1951.4 It doesn’t just apply to medians – it can happen with means as well – but in our example we will use medians.

Let’s imagine that there are eleven people in the population. Three of them dropped out of high school and earn £5 a year; three of them completed high school and earn £10 a year; three of them dropped out of university and earn £15 a year; and two of them got a bachelor’s degree and earn £20 a year. The median wage for the population as a whole (that is, the wage of the middle person in the distribution: see box on previous page) is £10.

Then, one year, the government makes a huge drive to get more people through high school and university. But at the same time, the average wage of each group falls by £1. Suddenly there are two high-school dropouts earning £4, two high-school graduates earning £9, two university dropouts earning £14, and five university graduates earning £19. For every group, the median wage has gone down; but for the group as a whole the median wage has gone up, from £10 to £14. Something like this, but with bigger numbers, happened in the real US economy between 2000 and 2013.

[image: ]

It’s surprisingly common. For instance, black people in the USA are more likely to smoke than white people; but when you control for education, you see that in every educational subgroup, black people are less likely to smoke. It’s just that a lower proportion of black people are in the higher educational subgroups, which tend to smoke less.5

Or here’s a famous example. In September 1973, 8,000 men and 4,000 women applied to grad school at the University of California in Berkeley. Of those, 44 per cent of the men were admitted and just 35 per cent of the women.

But if you looked at the data more closely, you’d notice that at almost every department of the university, female applicants were more likely to be granted admission. The most popular department admitted 82 per cent of women who applied and just 62 per cent of men; the second most popular admitted 68 per cent of women and 65 per cent of men.

What was happening was that women were applying for much more competitive departments. One department had 933 applicants, of whom 108 were women. It admitted 82 per cent of those women, and 62 per cent of the men.

Meanwhile, at the sixth most popular department, there were 714 applicants, of whom 341 were women. That department admitted just 7 per cent of the women, and 6 per cent of the men.

But if you combine the data from the two departments together, there were 449 women who applied and 1,199 men. Of the women, 111 were admitted, or 25 per cent; of the men, 533, or 44 per cent.

Once again, in both departments individually, women were more likely to be admitted; but in both departments together, women were less likely.

What’s the best way of looking at it? Well, it depends. You could argue that in the case of US wages, the population median is more informative, because the median US person’s wage has gone up (because more Americans now finish college and high school). Or you could argue that the average woman is more likely to be admitted than a man, whatever her choice of department. But, equally, you could point out that for those people who don’t have a high-school diploma, the situation has got worse; and you could point out that the departments that women want to apply to are apparently under-resourced, because they can only accept a tiny fraction of the people who want to go there. The trouble is that, in Simpson’s-paradox situations, you can use the same data to tell diametrically opposed stories, depending on what political point you want to make. The honest thing to do is to explain that the paradox is present.

Let’s get back to the R value of Covid-19. It went up, so the virus is spreading to more people, which is bad.

Except, of course, it was more complicated than that. There were two quasi-separate ‘epidemics’ going on at the same time – the disease was spreading differently in care homes and hospitals to how it was spreading in the wider community.

We don’t know the real numbers, because they weren’t released in that much detail. But we could do a similar sort of thought experiment to the one above. Imagine that there were 100 people with the disease in care homes, and another 100 in the community. On average, each person in the community passes it to two people, and each person in the care homes passes it to three. The R (the average number of people each disease-carrier infects) is 2.5.

Then we go into lockdown. The number of infected people goes down, and so does the R. But – crucially – it does so more in the community than in care homes. Now there are ninety infected people in care homes, who each pass it on to an average of 2.9 people, and there are ten infected people in the community, who each pass it on to an average of one person. The R is now 2.71.* It’s gone up! But in both actual groups, the R has gone down.

What’s the correct way of looking at it? Again, it’s not necessarily obvious; it may be that the overall R is what you care about, since the two epidemics aren’t really separate. But it’s certainly more complicated than ‘the R value going up is bad’.

Simpson’s paradox is one example of a wider problem, known as ‘the ecological fallacy’, that you get when you try to learn about individuals or subgroups by looking at the average of a group. The ecological fallacy is more common than you might think. For readers, and journalists, it’s important to understand that the headline figure might conceal a more complex reality, and that, in order to understand it, you might need to break it down further.

 

 



* That is: [(90×2.9)+(10×1)]/100 = 2.71
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