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  YOUR FAULTY GUT


  If you’re thirty-three years old and have attended a few Thanksgivings in a row without a date, the topic of mate choice is likely to arise. And just about everybody will have an opinion.


  “Seth needs a crazy girl, like him,” my sister says.


  “You’re crazy! He needs a normal girl, to balance him out,” my brother says.


  “Seth’s not crazy,” my mother says.


  “You’re crazy! Of course, Seth is crazy,” my father says.


  All of a sudden, my shy, soft-spoken grandmother, quiet through the dinner, speaks. The loud, aggressive New York voices go silent, and all eyes focus on the small old lady with short yellow hair and still a trace of an Eastern European accent. “Seth, you need a nice girl. Not too pretty. Very smart. Good with people. Social, so you will do things. Sense of humor, because you have a good sense of humor.”


  Why does this old woman’s advice command such attention and respect in my family? Well, my eighty-eight-year-old grandmother has seen more than everybody else at the table. She’s observed more marriages, many that worked and many that didn’t. And over the decades, she has cataloged the qualities that make for successful relationships. At that Thanksgiving table, for that question, my grandmother has access to the largest number of data points. My grandmother is Big Data.


  In this book, I want to demystify data science. Like it or not, data is playing an increasingly important role in all of our lives—and its role is going to get larger. Newspapers now have full sections devoted to data. Companies have teams with the exclusive task of analyzing their data. Investors give start-ups tens of millions of dollars if they can store more data. Even if you never learn how to run a regression or calculate a confidence interval, you are going to encounter a lot of data—in the pages you read, the business meetings you attend, the gossip you hear next to the watercoolers you drink from.


  Many people are anxious over this development. They are intimidated by data, easily lost and confused in a world of numbers. They think that a quantitative understanding of the world is for a select few left-brained prodigies, not for them. As soon as they encounter numbers, they are ready to turn the page, end the meeting, or change the conversation.


  But I have spent ten years in the data analysis business and have been fortunate to work with many of the top people in the field. And one of the most important lessons I have learned is this: Good data science is less complicated than people think. The best data science, in fact, is surprisingly intuitive.


  What makes data science intuitive? At its core, data science is about spotting patterns and predicting how one variable will affect another. People do this all the time.


  Just think how my grandmother gave me relationship advice. She utilized the large database of relationships that her brain has uploaded over a near century of life—in the stories she has heard from her family, her friends, her acquaintances. She limited her analysis to a sample of relationships in which the man had many qualities that I have—a sensitive temperament, a tendency to isolate himself, a sense of humor. She zeroed in on key qualities of the woman—how kind she was, how smart she was, how pretty she was. She correlated these key qualities of the woman with a key quality of the relationship—whether it was a good one. Finally, she reported her results. In other words, she spotted patterns and predicted how one variable will affect another. Grandma is a data scientist.


  You are a data scientist, too. When you were a kid, you noticed that when you cried, your mom gave you attention. That is data science. When you reached adulthood, you noticed that if you complain too much, people want to hang out with you less. That is data science, too. When people hang out with you less, you noticed, you are less happy. When you are less happy, you are less friendly. When you are less friendly, people want to hang out with you even less. Data science. Data science. Data science.


  Because data science is so natural, the best Big Data studies, I have found, can be understood by just about any smart person. If you can’t understand a study, the problem is probably with the study, not with you.


  Want proof that great data science tends to be intuitive? I recently came across a study that may be one of the most important conducted in the past few years. It is also one of the most intuitive studies I’ve ever seen. I want you to think not just about the importance of the study—but how natural and grandma-like it is.


  The study was by a team of researchers from Columbia University and Microsoft. The team wanted to find what symptoms predict pancreatic cancer. This disease has a low five-year survival rate—only about 3 percent—but early detection can double a patient’s chances.


  The researchers’ method? They utilized data from tens of thousands of anonymous users of Bing, Microsoft’s search engine. They coded a user as having recently been given a diagnosis of pancreatic cancer based on unmistakable searches, such as “just diagnosed with pancreatic cancer” or “I was told I have pancreatic cancer, what to expect.”


  Next, the researchers looked at searches for health symptoms. They compared that small number of users who later reported a pancreatic cancer diagnosis with those who didn’t. What symptoms, in other words, predicted that, in a few weeks or months, a user will be reporting a diagnosis?


  The results were striking. Searching for back pain and then yellowing skin turned out to be a sign of pancreatic cancer; searching for just back pain alone made it unlikely someone had pancreatic cancer. Similarly, searching for indigestion and then abdominal pain was evidence of pancreatic cancer, while searching for just indigestion without abdominal pain meant a person was unlikely to have it. The researchers could identify 5 to 15 percent of cases with almost no false positives. Now, this may not sound like a great rate; but if you have pancreatic cancer, even a 10 percent chance of possibly doubling your chances of survival would feel like a windfall.


  The paper detailing this study would be difficult for non-experts to fully make sense of. It includes a lot of technical jargon, such as the Kolmogorov-Smirnov test, the meaning of which, I have to admit, I had forgotten. (It’s a way to determine whether a model correctly fits data.)


  However, note how natural and intuitive this remarkable study is at its most fundamental level. The researchers looked at a wide array of medical cases and tried to connect symptoms to a particular illness. You know who else uses this methodology in trying to figure out whether someone has a disease? Husbands and wives, mothers and fathers, and nurses and doctors. Based on experience and knowledge, they try to connect fevers, headaches, runny noses, and stomach pains to various diseases. In other words, the Columbia and Microsoft researchers wrote a groundbreaking study by utilizing the natural, obvious methodology that everybody uses to make health diagnoses.


  But wait. Let’s slow down here. If the methodology of the best data science is frequently natural and intuitive, as I claim, this raises a fundamental question about the value of Big Data. If humans are naturally data scientists, if data science is intuitive, why do we need computers and statistical software? Why do we need the Kolmogorov-Smirnov test? Can’t we just use our gut? Can’t we do it like Grandma does, like nurses and doctors do?


  This gets to an argument intensified after the release of Malcolm Gladwell’s bestselling book Blink, which extols the magic of people’s gut instincts. Gladwell tells the stories of people who, relying solely on their guts, can tell whether a statue is fake; whether a tennis player will fault before he hits the ball; how much a customer is willing to pay. The heroes in Blink do not run regressions; they do not calculate confidence intervals; they do not run Kolmogorov-Smirnov tests. But they generally make remarkable predictions. Many people have intuitively supported Gladwell’s defense of intuition: they trust their guts and feelings. Fans of Blink might celebrate the wisdom of my grandmother giving relationship advice without the aid of computers. Fans of Blink may be less apt to celebrate my studies or the other studies profiled in this book, which use computers. If Big Data—of the computer type, rather than the grandma type—is a revolution, it has to prove that it’s more powerful than our unaided intuition, which, as Gladwell has pointed out, can often be remarkable.


  The Columbia and Microsoft study offers a clear example of rigorous data science and computers teaching us things our gut alone could never find. This is also one case where the size of the dataset matters. Sometimes there is insufficient experience for our unaided gut to draw upon. It is unlikely that you—or your close friends or family members—have seen enough cases of pancreatic cancer to tease out the difference between indigestion followed by abdominal pain compared to indigestion alone. Indeed, it is inevitable, as the Bing dataset gets bigger, that the researchers will pick up many more subtle patterns in the timing of symptoms—for this and other illnesses—that even doctors might miss.


  Moreover, while our gut may usually give us a good general sense of how the world works, it is frequently not precise. We need data to sharpen the picture. Consider, for example, the effects of weather on mood. You would probably guess that people are more likely to feel more gloomy on a 10-degree day than on a 70-degree day. Indeed, this is correct. But you might not guess how big an impact this temperature difference can make. I looked for correlations between an area’s Google searches for depression and a wide range of factors, including economic conditions, education levels, and church attendance. Winter climate swamped all the rest. In winter months, warm climates, such as that of Honolulu, Hawaii, have 40 percent fewer depression searches than cold climates, such as that of Chicago, Illinois. Just how significant is this effect? An optimistic read of the effectiveness of antidepressants would find that the most effective drugs decrease the incidence of depression by only about 20 percent. To judge from the Google numbers, a Chicago-to-Honolulu move would be at least twice as effective as medication for your winter blues.*


  Sometimes our gut, when not guided by careful computer analysis, can be dead wrong. We can get blinded by our own experiences and prejudices. Indeed, even though my grandmother is able to utilize her decades of experience to give better relationship advice than the rest of my family, she still has some dubious views on what makes a relationship last. For example, she has frequently emphasized to me the importance of having common friends. She believes that this was a key factor in her marriage’s success: she spent most warm evenings with her husband, my grandfather, in their small backyard in Queens, New York, sitting on lawn chairs and gossiping with their tight group of neighbors.


  However, at the risk of throwing my own grandmother under the bus, data science suggests that Grandma’s theory is wrong. A team of computer scientists recently analyzed the biggest dataset ever assembled on human relationships—Facebook. They looked at a large number of couples who were, at some point, “in a relationship.” Some of these couples stayed “in a relationship.” Others switched their status to “single.” Having a common core group of friends, the researchers found, is a strong predictor that a relationship will not last. Perhaps hanging out every night with your partner and the same small group of people is not such a good thing; separate social circles may help make relationships stronger.


  As you can see, our intuition alone, when we stay away from the computers and go with our gut, can sometimes amaze. But it can make big mistakes. Grandma may have fallen into one cognitive trap: we tend to exaggerate the relevance of our own experience. In the parlance of data scientists, we weight our data, and we give far too much weight to one particular data point: ourselves.


  Grandma was so focused on her evening schmoozes with Grandpa and their friends that she did not think enough about other couples. She forgot to fully consider her brother-in-law and his wife, who chitchatted most nights with a small, consistent group of friends but fought frequently and divorced. She forgot to fully consider my parents, her daughter and son-in-law. My parents go their separate ways many nights—my dad to a jazz club or ball game with his friends, my mom to a restaurant or the theater with her friends; yet they remain happily married.


  When relying on our gut, we can also be thrown off by the basic human fascination with the dramatic. We tend to overestimate the prevalence of anything that makes for a memorable story. For example, when asked in a survey, people consistently rank tornadoes as a more common cause of death than asthma. In fact, asthma causes about seventy times more deaths. Deaths by asthma don’t stand out—and don’t make the news. Deaths by tornadoes do.


  We are often wrong, in other words, about how the world works when we rely just on what we hear or personally experience. While the methodology of good data science is often intuitive, the results are frequently counterintuitive. Data science takes a natural and intuitive human process—spotting patterns and making sense of them—and injects it with steroids, potentially showing us that the world works in a completely different way from how we thought it did. That’s what happened when I studied the predictors of basketball success.


  When I was a little boy, I had one dream and one dream only: I wanted to grow up to be an economist and data scientist. No. I’m just kidding. I wanted desperately to be a professional basketball player, to follow in the footsteps of my hero, Patrick Ewing, all-star center for the New York Knicks.


  I sometimes suspect that inside every data scientist is a kid trying to figure out why his childhood dreams didn’t come true. So it is not surprising that I recently investigated what it takes to make the NBA. The results of the investigation were surprising. In fact, they demonstrate once again how good data science can change your view of the world, and how counterintuitive the numbers can be.


  The particular question I looked at is this: are you more likely to make it in the NBA if you grow up poor or middle-class?


  Most people would guess the former. Conventional wisdom says that growing up in difficult circumstances, perhaps in the projects with a single, teenage mom, helps foster the drive necessary to reach the top levels of this intensely competitive sport.


  This view was expressed by William Ellerbee, a high school basketball coach in Philadelphia, in an interview with Sports Illustrated. “Suburban kids tend to play for the fun of it,” Ellerbee said. “Inner-city kids look at basketball as a matter of life or death.” I, alas, was raised by married parents in the New Jersey suburbs. LeBron James, the best player of my generation, was born poor to a sixteen-year-old single mother in Akron, Ohio.


  Indeed, an internet survey I conducted suggested that the majority of Americans think the same thing Coach Ellerbee and I thought: that most NBA players grow up in poverty.


  Is this conventional wisdom correct?


  Let’s look at the data. There is no comprehensive data source on the socioeconomics of NBA players. But by being data detectives, by utilizing data from a whole bunch of sources—basketball-reference.com, ancestry.com, the U.S. Census, and others—we can figure out what family background is actually most conducive to making the NBA. This study, you will note, uses a variety of data sources, some of them bigger, some of them smaller, some of them online, and some of them offline. As exciting as some of the new digital sources are, a good data scientist is not above consulting old-fashioned sources if they can help. The best way to get the right answer to a question is to combine all available data.


  The first relevant data is the birthplace of every player. For every county in the United States, I recorded how many black and white men were born in the 1980s. I then recorded how many of them reached the NBA. I compared this to a county’s average household income. I also controlled for the racial demographics of a county, since—and this is a subject for a whole other book—black men are about forty times more likely than white men to reach the NBA.


  The data tells us that a man has a substantially better chance of reaching the NBA if he was born in a wealthy county. A black kid born in one of the wealthiest counties in the United States, for example, is more than twice as likely to make the NBA than a black kid born in one of the poorest counties. For a white kid, the advantage of being born in one of the wealthiest counties compared to being born in one of the poorest is 60 percent.


  This suggests, contrary to conventional wisdom, that poor men are actually underrepresented in the NBA. However, this data is not perfect, since many wealthy counties in the United States, such as New York County (Manhattan), also include poor neighborhoods, such as Harlem. So it’s still possible that a difficult childhood helps you make the NBA. We still need more clues, more data.


  So I investigated the family backgrounds of NBA players. This information was found in news stories and on social networks. This methodology was quite time-consuming, so I limited the analysis to the one hundred African-American NBA players born in the 1980s who scored the most points. Compared to the average black man in the United States, NBA superstars were about 30 percent less likely to have been born to a teenage mother or an unwed mother. In other words, the family backgrounds of the best black NBA players also suggest that a comfortable background is a big advantage for achieving success.


  That said, neither the county-level birth data nor the family background of a limited sample of players gives perfect information on the childhoods of all NBA players. So I was still not entirely convinced that two-parent, middle-class families produce more NBA stars than single-parent, poor families. The more data we can throw at this question, the better.


  Then I remembered one more data point that can provide telling clues to a man’s background. It was suggested in a paper by two economists, Roland Fryer and Steven Levitt, that a black person’s first name is an indication of his socioeconomic background. Fryer and Levitt studied birth certificates in California in the 1980s and found that, among African-Americans, poor, uneducated, and single moms tend to give their kids different names than do middle-class, educated, and married parents.


  Kids from better-off backgrounds are more likely to be given common names, such as Kevin, Chris, and John. Kids from difficult homes in the projects are more likely to be given unique names, such as Knowshon, Uneek, and Breionshay. African-American kids born into poverty are nearly twice as likely to have a name that is given to no other child born in that same year.


  So what about the first names of black NBA players? Do they sound more like middle-class or poor blacks? Looking at the same time period, California-born NBA players were half as likely to have unique names as the average black male, a statistically significant difference.


  Know someone who thinks the NBA is a league for kids from the ghetto? Tell him to just listen closely to the next game on the radio. Tell him to note how frequently Russell dribbles past Dwight and then tries to slip the ball past the outstretched arms of Josh and into the waiting hands of Kevin. If the NBA really were a league filled with poor black men, it would sound quite different. There would be a lot more men with names like LeBron.


  Now, we have gathered three different pieces of evidence—the county of birth, the marital status of the mothers of the top scorers, and the first names of players. No source is perfect. But all three support the same story. Better socioeconomic status means a higher chance of making the NBA. The conventional wisdom, in other words, is wrong.



  Among all African-Americans born in the 1980s, about 60 percent had unmarried parents. But I estimate that among African-Americans born in that decade who reached the NBA, a significant majority had married parents. In other words, the NBA is not composed primarily of men with backgrounds like that of LeBron James. There are more men like Chris Bosh, raised by two parents in Texas who cultivated his interest in electronic gadgets, or Chris Paul, the second son of middle-class parents in Lewisville, North Carolina, whose family joined him on an episode of Family Feud in 2011.


  The goal of a data scientist is to understand the world. Once we find the counterintuitive result, we can use more data science to help us explain why the world is not as it seems. Why, for example, do middle-class men have an edge in basketball relative to poor men? There are at least two explanations.


  First, because poor men tend to end up shorter. Scholars have long known that childhood health care and nutrition play a large role in adult health. This is why the average man in the developed world is now four inches taller than a century and a half ago. Data suggests that Americans from poor backgrounds, due to weaker early-life health care and nutrition, are shorter.


  Data can also tell us the effect of height on reaching the NBA. You undoubtedly intuited that being tall can be of assistance to an aspiring basketball player. Just contrast the height of the typical ballplayer on the court to the typical fan in the stands. (The average NBA player is 6’7”; the average American man is 5’9”.)


  How much does height matter? NBA players sometimes fib a little about their height, and there is no listing of the complete height distribution of American males. But working with a rough mathematical estimate of what this distribution might look like and the NBA’s own numbers, it is easy to confirm that the effects of height are enormous—maybe even more than we might have suspected. I estimate that each additional inch roughly doubles your odds of making it to the NBA. And this is true throughout the height distribution. A 5’11” man has twice the odds of reaching the NBA as a 5’10” man. A 6’11” man has twice the odds of reaching the NBA as a 6’10” man. It appears that, among men less than six feet tall, only about one in two million reach the NBA. Among those over seven feet tall, I and others have estimated, something like one in five reach the NBA.


  Data, you will note, clarifies why my dream of basketball stardom was derailed. It was not because I was brought up in the suburbs. It was because I am 5’9” and white (not to mention slow). Also, I am lazy. And I have poor stamina, awful shooting form, and occasionally a panic attack when the ball gets in my hand.


  A second reason that boys from tough backgrounds may struggle to make the NBA is that they sometimes lack certain social skills. Using data on thousands of schoolchildren, economists have found that middle-class, two-parent families are on average substantially better at raising kids who are trusting, disciplined, persistent, focused, and organized.


  So how do poor social skills derail an otherwise promising basketball career?


  Let’s look at the story of Doug Wrenn, one of the most talented basketball prospects in the 1990s. His college coach, Jim Calhoun at the University of Connecticut, who has trained future NBA all-stars, claimed Wrenn jumped the highest of any man he had ever worked with. But Wrenn had a challenging upbringing. He was raised by a single mother in Blood Alley, one of the roughest neighborhoods in Seattle. In Connecticut, he consistently clashed with those around him. He would taunt players, question coaches, and wear loose-fitting clothes in violation of team rules. He also had legal troubles—he stole shoes from a store and snapped at police officers. Calhoun finally had enough and kicked him off the team.


  Wrenn got a second chance at the University of Washington. But there, too, an inability to get along with people derailed him. He fought with his coach over playing time and shot selection and was kicked off this team as well. Wrenn went undrafted by the NBA, bounced around lower leagues, moved in with his mother, and was eventually imprisoned for assault. “My career is over,” Wrenn told the Seattle Times in 2009. “My dreams, my aspirations are over. Doug Wrenn is dead. That basketball player, that dude is dead. It’s over.” Wrenn had the talent not just to be an NBA player, but to be a great, even a legendary player. But he never developed the temperament to even stay on a college team. Perhaps if he’d had a stable early life, he could have been the next Michael Jordan.


  Michael Jordan, of course, also had an impressive vertical leap. Plus a large ego and intense competitiveness—a personality at times that was not unlike Wrenn’s. Jordan could be a difficult kid. At the age of twelve, he was kicked out of school for fighting. But he had at least one thing that Wrenn lacked: a stable, middle-class upbringing. His father was an equipment supervisor for General Electric, his mother a banker. And they helped him navigate his career.


  In fact, Jordan’s life is filled with stories of his family guiding him away from the traps that a great, competitive talent can fall into. After Jordan was kicked out of school, his mother responded by taking him with her to work. He was not allowed to leave the car and instead had to sit there in the parking lot reading books. After he was drafted by the Chicago Bulls, his parents and siblings took turns visiting him to make sure he avoided the temptations that come with fame and money.


  Jordan’s career did not end like Wrenn’s, with a little-read quote in the Seattle Times. It ended with a speech upon induction into the Basketball Hall of Fame that was watched by millions of people. In his speech, Jordan said he tried to stay “focused on the good things about life—you know how people perceive you, how you respect them ... how you are perceived publicly. Take a pause and think about the things that you do. And that all came from my parents.”


  The data tells us Jordan is absolutely right to thank his middle-class, married parents. The data tells us that in worse-off families, in worse-off communities, there are NBA-level talents who are not in the NBA. These men had the genes, had the ambition, but never developed the temperament to become basketball superstars.


  And no—whatever we might intuit—being in circumstances so desperate that basketball seems “a matter of life or death” does not help. Stories like that of Doug Wrenn can help illustrate this. And data proves it.


  In June 2013, LeBron James was interviewed on television after winning his second NBA championship. (He has since won a third.) “I’m LeBron James,” he announced. “From Akron, Ohio. From the inner city. I am not even supposed to be here.” Twitter and other social networks erupted with criticism. How could such a supremely gifted person, identified from an absurdly young age as the future of basketball, claim to be an underdog? In fact, anyone from a difficult environment, no matter his athletic prowess, has the odds stacked against him. James’s accomplishments, in other words, are even more exceptional than they appear to be at first. Data proves that, too.
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  WAS FREUD RIGHT?


  I recently saw a person walking down a street described as a “penistrian.” You caught that, right? A “penistrian” instead of a “pedestrian.” I saw it in a large dataset of typos people make. A person sees someone walking and writes the word “penis.” Has to mean something, right?


  I recently learned of a man who dreamed of eating a banana while walking to the altar to marry his wife. I saw it in a large dataset of dreams people record on an app. A man imagines marrying a woman while eating a phallic-shaped food. That also has to mean something, right?


  Was Sigmund Freud right? Since his theories first came to public attention, the most honest answer to this question would be a shrug. It was Karl Popper, the Austrian-British philosopher, who made this point clearest. Popper famously claimed that Freud’s theories were not falsifiable. There was no way to test whether they were true or false.


  Freud could say the person writing of a “penistrian” was revealing a possibly repressed sexual desire. The person could respond that she wasn’t revealing anything; that she could have just as easily made an innocent typo, such as “pedaltrian.” It would be a he-said, she-said situation. Freud could say the gentleman dreaming of eating a banana on his wedding day was secretly thinking of a penis, revealing his desire to really marry a man rather than a woman. The gentleman could say he just happened to be dreaming of a banana. He could have just as easily been dreaming of eating an apple as he walked to the altar. It would be he-said, he-said. There was no way to put Freud’s theory to a real test.


  Until now, that is.


  Data science makes many parts of Freud falsifiable—it puts many of his famous theories to the test. Let’s start with phallic symbols in dreams. Using a huge dataset of recorded dreams, we can readily note how frequently phallic-shaped objects appear. Food is a good place to focus this study. It shows up in many dreams, and many foods are shaped like phalluses—bananas, cucumbers, hot dogs, etc. We can then measure the factors that might make us dream more about certain foods than others—how frequently they are eaten, how tasty most people find them, and, yes, whether they are phallic in nature.


  We can test whether two foods, both of which are equally popular, but one of which is shaped like a phallus, appear in dreams in different amounts. If phallus-shaped foods are no more likely to be dreamed about than other foods, then phallic symbols are not a significant factor in our dreams. Thanks to Big Data, this part of Freud’s theory may indeed be falsifiable.


  I received data from Shadow, an app that asks users to record their dreams. I coded the foods included in tens of thousands of dreams.


  Overall, what makes us dream of foods? The main predictor is how frequently we consume them. The substance that is most dreamed about is water. The top twenty foods include chicken, bread, sandwiches, and rice—all notably un-Freudian.


  The second predictor of how frequently a food appears in dreams is how tasty people find it. The two foods we dream about most often are the notably un-Freudian but famously tasty chocolate and pizza.


  So what about phallic-shaped foods? Do they sneak into our dreams with unexpected frequency? Nope.


  Bananas are the second most common fruit to appear in dreams. But they are also the second most commonly consumed fruit. So we don’t need Freud to explain how often we dream about bananas. Cucumbers are the seventh most common vegetable to appear in dreams. They are the seventh most consumed vegetable. So again their shape isn’t necessary to explain their presence in our minds as we sleep. Hot dogs are dreamed of far less frequently than hamburgers. This is true even controlling for the fact that people eat more burgers than dogs.


  Overall, using a regression analysis (a method that allows social scientists to tease apart the impact of multiple factors) across all fruits and vegetables, I found that a food’s being shaped like a phallus did not give it more likelihood of appearing in dreams than would be expected by its popularity. This theory of Freud’s is falsifiable—and, at least according to my look at the data, false.


  Next, consider Freudian slips. The psychologist hypothesized that we use our errors—the ways we misspeak or miswrite—to reveal our subconscious desires, frequently sexual. Can we use Big Data to test this? Here’s one way: see if our errors—our slips—lean in the direction of the naughty. If our buried sexual desires sneak out in our slips, there should be a disproportionate number of errors that include words like “penis,” “cock,” and “sex.”


  This is why I studied a dataset of more than 40,000 typing errors collected by Microsoft researchers. The dataset included mistakes that people make but then immediately correct. In these tens of thousands of errors, there were plenty of individuals committing errors of a sexual sort. There was the aforementioned “penistrian.” There was also someone who typed “sexurity” instead of “security” and “cocks” instead of “rocks.” But there were also plenty of innocent slips. People wrote of “pindows” and “fegetables,” “aftermoons” and “refriderators.”


  So was the number of sexual slips unusual?


  To test this, I first used the Microsoft dataset to model how frequently people mistakenly switch particular letters. I calculated how often they replace a t with an s, a g with an h. I then created a computer program that made mistakes in the way that people do. We might call it Error Bot. Error Bot replaced a t with an s with the same frequency that humans in the Microsoft study did. It replaced a g with an h as often as they did. And so on. I ran the program on the same words people had gotten wrong in the Microsoft study. In other words, the bot tried to spell “pedestrian” and “rocks,” “windows” and “refrigerator.” But it switched an r with a t as often as people do and wrote, for example, “tocks.” It switched an r with a c as often as humans do and wrote “cocks.”


  So what do we learn from comparing Error Bot with normally careless humans? After making a few million errors, just from misplacing letters in the ways that humans do, Error Bot had made numerous mistakes of a Freudian nature. It misspelled “seashell” as “sexshell,” “lipstick” as “lipsdick,” and “luckiest” as “fuckiest,” along with many other similar mistakes. And—here’s the key point—Error Bot, which of course does not have a subconscious, was just as likely to make errors that could be perceived as sexual as real people were. With the caveat, as we social scientists like to say, that there needs to be more research, this means that sexually oriented errors are no more likely for humans to make than can be expected by chance.


  In other words, for people to make errors such as “penistrian,” “sexurity,” and “cocks,” it is not necessary to have some connection between mistakes and the forbidden, some theory of the mind where people reveal their secret desires via their errors. These slips of the fingers can be explained entirely by the typical frequency of typos. People make lots of mistakes. And if you make enough mistakes, eventually you start saying things like “lipsdick,” “fuckiest,” and “penistrian.” If a monkey types long enough, he will eventually write “to be or not to be.” If a person types long enough, she will eventually write “penistrian.”


  Freud’s theory that errors reveal our subconscious wants is indeed falsifiable—and, according to my analysis of the data, false.


  Big Data tells us a banana is always just a banana and a “penistrian” just a misspelled “pedestrian.”


  So was Freud totally off-target in all his theories? Not quite. When I first got access to PornHub data, I found a revelation there that struck me as at least somewhat Freudian. In fact, this is among the most surprising things I have found yet during my data investigations: a shocking number of people visiting mainstream porn sites are looking for portrayals of incest.


  Of the top hundred searches by men on PornHub, one of the most popular porn sites, sixteen are looking for incest-themed videos. Fair warning—this is going to get a little graphic: they include “brother and sister,” “step mom fucks son,” “mom and son,” “mom fucks son,” and “real brother and sister.” The plurality of male incestuous searches are for scenes featuring mothers and sons. And women? Nine of the top hundred searches by women on PornHub are for incest-themed videos, and they feature similar imagery—though with the gender of any parent and child who is mentioned usually reversed. Thus the plurality of incestuous searches made by women are for scenes featuring fathers and daughters.


  It’s not hard to locate in this data at least a faint echo of Freud’s Oedipal complex. He hypothesized a near-universal desire in childhood, which is later repressed, for sexual involvement with opposite-sex parents. If only the Viennese psychologist had lived long enough to turn his analytic skills to PornHub data, where interest in opposite-sex parents seems to be borne out by adults—with great explicitness—and little is repressed.


  Of course, PornHub data can’t tell us for certain who people are fantasizing about when watching such videos. Are they actually imagining having sex with their own parents? Google searches can give some more clues that there are plenty of people with such desires.


  Consider all searches of the form “I want to have sex with my ...” The number one way to complete this search is “mom.” Overall, more than three-fourths of searches of this form are incestuous. And this is not due to the particular phrasing. Searches of the form “I am attracted to ... ,” for example, are even more dominated by admissions of incestuous desires. Now I concede—at the risk of disappointing Herr Freud—that these are not particularly common searches: a few thousand people every year in the United States admitting an attraction to their mother. Someone would also have to break the news to Freud that Google searches, as will be discussed later in this book, sometimes skew toward the forbidden.


  But still. There are plenty of inappropriate attractions that people have that I would have expected to have been mentioned more frequently in searches. Boss? Employee? Student? Therapist? Patient? Wife’s best friend? Daughter’s best friend? Wife’s sister? Best friend’s wife? None of these confessed desires can compete with mom. Maybe, combined with the PornHub data, that really does mean something.


  And Freud’s general assertion that sexuality can be shaped by childhood experiences is supported elsewhere in Google and PornHub data, which reveals that men, at least, retain an inordinate number of fantasies related to childhood. According to searches from wives about their husbands, some of the top fetishes of adult men are the desire to wear diapers and wanting to be breastfed, particularly, as discussed earlier, in India. Moreover, cartoon porn—animated explicit sex scenes featuring characters from shows popular among adolescent boys—has achieved a high degree of popularity. Or consider the occupations of women most frequently searched for in porn by men. Men who are 18–24 years old search most frequently for women who are babysitters. As do 25–64-year-old men. And men 65 years and older. And for men in every age group, teacher and cheerleader are both in the top four. Clearly, the early years of life seem to play an outsize role in men’s adult fantasies.


  I have not yet been able to use all this unprecedented data on adult sexuality to figure out precisely how sexual preferences form. Over the next few decades, other social scientists and I will be able to create new, falsifiable theories on adult sexuality and test them with actual data.


  Already I can predict some basic themes that will undoubtedly be part of a data-based theory of adult sexuality. It is clearly not going to be the identical story to the one Freud told, with his particular, well-defined, universal stages of childhood and repression. But, based on my first look at PornHub data, I am absolutely certain the final verdict on adult sexuality will feature some key themes that Freud emphasized. Childhood will play a major role. So will mothers.


  It likely would have been impossible to analyze Freud in this way ten years ago. It certainly would have been impossible eighty years ago, when Freud was still alive. So let’s think through why these data sources helped. This exercise can help us understand why Big Data is so powerful.


  Remember, we have said that just having mounds and mounds of data by itself doesn’t automatically generate insights. Data size, by itself, is overrated. Why, then, is Big Data so powerful? Why will it create a revolution in how we see ourselves? There are, I claim, four unique powers of Big Data. This analysis of Freud provides a good illustration of them.


  You may have noticed, to begin with, that we’re taking pornography seriously in this discussion of Freud. And we are going to utilize data from pornography frequently in this book. Somewhat surprisingly, porn data is rarely utilized by sociologists, most of whom are comfortable relying on the traditional survey datasets they have built their careers on. But a moment’s reflection shows that the widespread use of porn—and the search and views data that comes with it—is the most important development in our ability to understand human sexuality in, well ... Actually, it’s probably the most important ever. It is data that Schopenhauer, Nietzsche, Freud, and Foucault would have drooled over. This data did not exist when they were alive. It did not exist a couple decades ago. It exists now. There are many unique data sources, on a range of topics, that give us windows into areas about which we could previously just guess. Offering up new types of data is the first power of Big Data.


  The porn data and the Google search data are not just new; they are honest. In the pre-digital age, people hid their embarrassing thoughts from other people. In the digital age, they still hide them from other people, but not from the internet and in particular sites such as Google and PornHub, which protect their anonymity. These sites function as a sort of digital truth serum—hence our ability to uncover a widespread fascination with incest. Big Data allows us to finally see what people really want and really do, not what they say they want and say they do. Providing honest data is the second power of Big Data.


  Because there
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