
Chapter 1

The AI Marriage

Whom should you marry?

This may be the most consequential decision of a person’s life. The billionaire investor Warren Buffett certainly thinks so. He calls whom you marry “the most important decision that you make.”

And yet people have rarely turned to science for help with this all-important decision. Truth be told, science has had little help to offer.

Scholars of relationship science have been trying to find answers. But it has proven difficult and expensive to recruit large samples of couples. The studies in this field tended to rely on tiny samples, and different studies often showed conflicting results. In 2007, the distinguished scholar Harry Reis of the University of Rochester compared the field of relationship science to an adolescent: “sprawling, at times unruly, and perhaps more mysterious than we might wish.”

But a few years ago, a young, energetic, uber-curious, and brilliant Canadian scientist, Samantha Joel, aimed to change that. Joel, like so many in her field, was interested in what predicts successful relationships. But she had a noticeably different approach from others. Joel did not merely recruit a new, tiny sample of couples. Instead, she joined together data from other, already-existing studies. Joel reasoned that, if she could merge data from the existing small studies, she could have a large dataset—and have enough data to reliably find what predicts relationship success and what does not.

Joel’s plan worked. She recruited every professor she could find who had collected data on relationships—her team ended up including eighty-five other scientists—and was able to build a dataset of 11,196 couples.*

The size of the dataset was impressive. So was the information contained in it.

For each couple, Joel and her team of researchers had measures of how happy each partner reported being in their relationship. And they had data on just about anything you could think to measure about the two people in that relationship.

The researchers had data on:


	demographics (e.g., age, education, income, and race)

	physical appearance (e.g., How attractive did other people rate each partner?)

	sexual tastes (e.g., How frequently did each partner want sex? How freaky did they want that sex to be?)

	interests and hobbies

	mental and physical health

	values (e.g., their views on politics, relationships, and child-rearing)

	and much, much more.



Further, Joel and her team didn’t just have more data than others in the field. They had better statistical methods. Joel and some of the other researchers had mastered machine learning, a subset of artificial intelligence that allows contemporary scholars to detect subtle patterns in large mounds of data. One might call Joel’s project the AI Marriage, as it was among the first studies to utilize these advanced techniques to try to predict relationship happiness.

If you like guessing games, you can try to predict the results. What do you think are the biggest predictors of relationship success? Are common interests more important than common values? How important is sexual compatibility in the long term? Does coming from a similar background as a mate make you happier?

After building her team and collecting and analyzing the data, Joel was ready to present the results—results of likely the most exciting project in the history of relationship science.

Joel scheduled a talk in October 2019 at the University of Waterloo in Canada with the straightforward title: “Can we help people pick better romantic partners?”

So, can Samantha Joel—teaming up with eighty-five of the world’s most renowned scientists, combining data from forty-three studies, mining hundreds of variables collected from more than ten thousand couples, and utilizing state-of-the-art machine learning models—help people pick better romantic partners?

No.

The number one—and most surprising—lesson in the data, Samantha Joel told me in a Zoom interview, is “how unpredictable relationships seem to be.” Joel and her coauthors found that the demographics, preferences, and values of two people had surprisingly little power in predicting whether those two people were happy in a romantic relationship.

And there you have it, folks. Artificial intelligence can now:


	defeat the world’s most talented humans at chess and Go;

	reliably predict social unrest five days before it happens merely based on chatter on the internet; and

	inform people of an emerging health issue, such as Parkinson’s disease, based on the odors they emit.



But ask AI to figure out whether a set of two human beings can build a happy life together. And it is just as clueless as the rest of us.

WELL . . . THAT SURE SEEMS LIKE A LETDOWN—AS WELL AS A truly horrific start to a chapter in my book with the bold thesis that data science can revolutionize how we make life decisions. Does data science really have nothing to offer us in picking a romantic partner, perhaps the most important decision that we will face in life?

Not quite. In truth, there are important lessons in Joel and her coauthors’ machine learning project, even if computers’ ability to predict romantic success is worse than many of us might have guessed.

For one, while Joel and her team found that the power of all the variables that they had collected to predict a couple’s happiness was surprisingly small, they did find a few variables in a mate that at least slightly increase the odds you will be happy with them. More important, the surprising difficulty in predicting romantic success has counterintuitive implications for how we should pick romantic partners.

Think about it. Many people certainly believe that many of the variables that Joel and her team studied are important in picking a romantic partner. They compete ferociously for partners with certain traits, assuming that these traits will make them happy. If, on average, as Joel and her coauthors found, many of the traits that are most competed for in the dating market do not correlate with romantic happiness, this suggests that many people are dating wrong.

This brings us to another age-old question that has also recently been attacked with revolutionary new data: how do people pick a romantic partner?

In the past few years, other teams of researchers have mined online dating sites, combing through large, new datasets on the traits and swipes of tens of thousands of single people to determine what predicts romantic desirability. The findings from the research on romantic desirability, unlike the research on romantic happiness, has been definitive. While data scientists have found that it is surprisingly difficult to detect the qualities in romantic partners that lead to happiness, data scientists have found it strikingly easy to detect the qualities that are catnip in the dating scene.

A recent study, in fact, found that not only is it possible to predict with great accuracy whether someone will swipe left or right on a particular person on an online dating site. It is even possible to predict, with remarkable accuracy, the time it will take for someone to swipe. (People tend to take longer to swipe for someone close to their threshold of dating acceptability.)

Another way to say all this: Good romantic partners are difficult to predict with data. Desired romantic partners are easy to predict with data. And that suggests that many of us are dating all wrong.*

What People Look for in a Partner

The major development in the search for romance in the early part of the twenty-first century has been the rise of online dating. In 1990, there were six predominant ways that people met their spouses. The most frequent way was through friends, followed by: as coworkers, in bars, through family, in school, as neighbors, and in church.

In 1994, kiss.com was founded as the first modern online dating site. One year later, Match.com was started. And, in 2000, I excitedly set up my profile on JDate, an online Jewish dating site, confident that I had discovered the cool new thing . . . only to quickly realize that, once again, the cool new thing I thought I had found was actually predominantly used by weirdos like myself.

However, the use of online dating has since exploded. By 2017, nearly 40 percent of couples met online. And this number continues to rise every year.
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Has online dating been good for people’s romantic lives? This is debatable. And many single people complain that the apps and websites lead to disappointing interactions, matches, and dates. Some recent comments on online dating on Quora, the question-and-answering website, include the following complaints: “it is exhausting”; “A significant number of the profiles of very attractive and/or flirtatious women are really Nigerian scammers”; and there are too many “unsolicited pictures of men’s anatomy.”

But one effect of online dating is undebatable: it has been an unambiguous gain for scientists who study romance. It is fair to say that nobody in the field of romantic science complains about the existence of dating apps and websites.

You see, in the previous century, when the courtship process happened offline, the decisions that single people made were known by a select few and forgotten shortly afterward. If scientists wanted to know what people looked for in a partner, they basically had one approach: to ask them. A groundbreaking 1947 study by Harold T. Christensen did just that. Christensen surveyed 1,157 students and asked them to rate the importance of twenty-one traits in a potential romantic partner. The number one, single most important trait reported by both men and women was “dependable character.” Right near the bottom for both men and women, the traits they said they cared about least, were “good looks” and “good financial prospects.”

But can we trust these self-reports? People have long been known to lie on sensitive topics. (This, in fact, was the theme of my previous book, Everybody Lies.) Perhaps people don’t want to admit just how much they prefer to date people with pleasant faces, skinny waists, and hefty wallets.

In this century, researchers have better ways to figure out what people desire in a partner than merely asking them. When such a large percentage of courtships happens on apps or websites, daters’ profiles, clicks, and messages can be retained as data. The “Yays” and “Nays” are easily coded to csv files. And researchers around the world have mined data from OkCupid, eHarmony, Match.com, Hinge, and other matching services to determine how much just about every factor contributes to one’s desirability in the dating market. They have, quite simply, gathered unprecedented insights into what makes a human being desirable to other human beings.

As mentioned in the Introduction, there is some variation in what people find attractive—and daters can sometimes take advantage of this variation by occupying a niche market. However, the traits that make people more attractive, on average, are predictable.

So, what traits make people desirable to others?

Well, the first truth about what people look for in romantic partners, like so many important truths about life, was expressed by a rock star before the scientists figured it out. As Adam Duritz of the Counting Crows told us in his 1993 masterpiece “Mr. Jones”: we are all looking for “something beautiful.”

Someone Beautiful

A team of researchers—Günter J. Hitsch, Ali Hortaçsu, and Dan Ariely—studied thousands of heterosexual users of an online dating site.

Each user of the site included photos, and the researchers recruited and paid a different group of people to rate the attractiveness of every user, based on these photos, on a scale of 1 to 10.

With the help of the 1-to-10 ratings, the researchers had a measure of conventional physical attractiveness for every dater. They could test how much looks influence how desirable someone is. They measured desirability based on how many unsolicited messages a person received and how frequently their messages were responded to.

The researchers found that looks matter. A lot.

Roughly 30 percent of how well a female heterosexual dater performed on the site could be explained by their looks. Heterosexual women are a little less shallow but still plenty shallow. About 18 percent of male heterosexual daters’ success could be explained by their looks. Beauty, it turns out, is, for both sexes, the most important predictor of how many potential partners message and respond to one’s messages in online dating.
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Place that finding in the “no duh” department, as well as in the “See, I knew when people told me that looks don’t matter, they were secretly superficial and thus totally and completely full of crap” department.

Someone Tall (If a Man)

The same team of researchers that studied how looks affect daters’ desirability also studied how height affected daters’ desirability. (Each dater on the site reported how tall they were.)

Once again, the results were stark. A man’s height had an enormous impact on how desirable he was to women. The most popular men were between 6′3″ and 6′4″; such men received 65 percent more messages than men who were between 5′7″ and 5′8″.

The researchers also studied the effects of income on daters’ desirability, which I will discuss shortly. This allowed them to make an interesting comparison between income and height in the dating market. They could ask how much more money a shorter man would have to earn to overcome his height disadvantage.

They found that a 6-foot man earning $62,500 per year is, on average, as desirable as a similar 5′6″ man who earns $237,500. In other words, those six inches of height are worth about $175,000 in salary in the dating market.
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Source: Hitsch, Hortaçsu, and Ariely (2010)



The effect of height on desirability was reversed and far less pronounced for women. Generally, taller women had less success on the dating site. A woman who is 6′3″ tall, the researchers found, could expect to receive 42 percent fewer messages than a 5′5″ woman.

Someone of a Desired Race (Even if They’d Never Admit It)

Continuing the theme of superficial factors about a person that play a disturbing role in their success on the dating market, scientists have found significant evidence of racial discrimination in dating. Christian Rudder, a mathematician who was one of the cofounders of OkCupid, analyzed data from the messages of more than one million OkCupid users. He describes the results in his fascinating book, Dataclysm.

The two extremely disturbing charts below show the reply rates on OkCupid when heterosexual males and females of different races send messages to each other. If race did not influence dating decisions, the numbers in the chart would be exactly the same. In other words, a Black woman and a white woman sending a message to a white man would have the same chance of getting a reply. Instead, the numbers are very different. A Black woman has a 32 percent chance of getting a reply from a white male; a white woman has a 41 percent chance of getting a reply.

Overall, perhaps the most striking finding in the data is the difficulties African-American women face in the dating market. Note the second row of the first chart. Men of just about every racial group are less likely to respond to messages from Black women.

The second column of the second chart shows how African-American women respond to this harsh treatment by men: they become far less picky. For just about any group of men sending messages, Black women are the most likely to respond.

The dating experience of Black women is notably different from that of white males. White males tend to be significantly more likely to have their messages responded to. This is seen in the final row of the second chart. And they, in turn, become more picky, becoming the least likely to respond to messages from women. This is seen in the final column of the first chart.
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Among males, the racial groups that receive the lowest response rates are Blacks and Asians.

Rudder’s charts are blunt. They show the overall response rates of every racial pair, but they do not consider any other differences between the groups that might lead to differences in response rates. Perhaps some of the reason that some racial groups, on average, perform better or worse in the dating market is that some racial groups earn, on average, different incomes.

Hitsch, Hortaçsu, and Ariely try to correct for these factors. They found that, when you take into account these other factors, the bias against Asian men becomes even more severe. Since Asian men in the United States have above-average incomes, which tends to be attractive to women, the low response rates to their messages is even more striking. The researchers determined that an Asian man would have to earn a staggering $247,000 more in annual income to be as attractive to the average white woman as he would if he were white.

Someone Rich

Back to findings in the no-surprise department: income affects one’s desirability in dating, with the biggest effect on males.

Hitsch, Hortaçsu, and Ariely found that, all else being equal, if a man increases his earnings from $35K to $50K to $150K to $200K, he can expect the average woman to be 8.9 percent more likely to contact him. If a woman’s earnings increase by the same amount, she can expect the average man to be 3.9 percent more likely to contact her.

Of course, it is well-known that a man with a substantial income can be attractive to heterosexual women. Consider the first line of Jane Austen’s Pride and Prejudice: “It is a truth universally acknowledged, that a single man in possession of a good fortune, must be in want of a wife.” Or consider the thought from the band Barenaked Ladies—who are, of course, really men: that if they “had a million dollars,” they’d be able to buy someone’s love.

Because the effects of wealth on romantic desirability and the efforts men make to earn more money are such cliches, I was actually surprised that the effects of income were rather modest.

Next, I will discuss the significant effects that a man’s occupation has on his romantic desirability, independent of his income. For example, all else being equal, males can expect significantly more romantic attention if they are firefighters than if they are waiters.

It turns out, sometimes a switch to a different, more attractive occupation can make a male more desirable than a large salary increase. For example, the data from online dating sites suggests that a man who earned $60K in the hospitality industry would become more desirable, on average, if he earned the same amount as a firefighter than if he stayed in the same industry but upped his salary to $200K. In other words, a male firefighter who earns $60K tends to be more attractive to the average heterosexual woman than a hospitality worker who earns $200K.

While many men believe they need to earn a substantial salary to “buy” a woman’s love, the data suggests that having a cool job is frequently more attractive than having a boring, but lucrative, job.

An Enforcer of the Laws or a Helper of Other People in Trouble (If a Man)

One’s job matters in the mating market—if you’re a man.

Hitsch, Hortaçsu, and Ariely had data from their online dating site on the occupation of daters. It turns out that a woman’s occupation doesn’t impact how many messages she receives, when you take into account her physical attractiveness.

For men trying to attract women, the story is different. Men who work in certain occupations receive more messages. And this is true taking into account everything else researchers know about them, including their income.

Male lawyers, police officers, firefighters, soldiers, and doctors get more messages than men who earn similar incomes, have similarly prestigious educations, are equally attractive, and are of the same height. Lawyers would be, on average, less attractive to women if they were accountants.*

Here is the list of occupations, ranked from most to least desirable to heterosexual women on online dating sites.


Desirability of Occupations in Men (Holding Constant Income)




	Occupation


	Percent Increase in Approaches from Women, Relative to a Student





	Legal/attorney


	8.6 %





	Law enforcement/firefighter


	7.7 %





	Military


	6.7 %





	Health professional


	5 %





	Administrative/​clerical/​secretarial


	4.9 %





	Entertainment/broadcasting/film


	4.2 %





	Executive/managerial


	4.0 %





	Manufacturing


	3.7 %





	Financial/accounting


	2.4 %





	Self-employed


	2.2 %





	Political/​government/​civil


	1.7 %





	Artistic/​musical/​writer


	1.7 %





	Sales/marketing


	1.4 %





	Technical/​science/​engineering/​research/​computers


	1.2 %





	Transportation


	1.0 %





	Teacher/​educator/​professor


	1.0 %





	Student


	0 %





	Laborer/construction


	−0.3 %





	Service/hospitality/food


	−3 %







Source: Hitsch, Hortaçsu, and Ariely (2010)





Someone with a Sexy Name

Some years ago, researchers randomly sent messages to online daters with different first names; they didn’t include a photo or any other information. They found that some names were as much as twice as likely to get clicks as other names. The sexiest names (those most likely to get a response) included:


	Alexander

	Charlotte

	Emma

	Hannah

	Jacob

	Marie

	Max

	Peter



The least sexy names (those least likely to get a response) included:


	Celina

	Chantal

	Dennis

	Jacqueline

	Justin

	Kevin

	Mandy

	Marvin




Someone Just Like Themselves

Do we look for mates who are similar to us or different than us?

Emma Pierson, a computer scientist and data scientist, studied 1 million matches on eHarmony and wrote up her results on the data journalism site FiveThirtyEight. She examined 102 traits that eHarmony measures on partners and crunched the numbers to see whether people were more likely to pair with someone who shared the trait. Pierson found it was no contest: similarity, rather than difference, leads to attraction.

Heterosexual women are especially drawn to similarity. Pierson found that, for literally every one of the 102 traits, a man’s sharing the same trait was positively correlated with a woman’s contacting him. This included seemingly central traits such as age, education, and income, as well as quirkier traits, such as how many photos they included in their profile or if they used the same adjectives in their profiles. A woman who describes herself as “creative” is more likely to message a man who describes himself the same way. Heterosexual men also showed a preference for women like themselves, although the preference wasn’t quite as strong.*

As Pierson’s FiveThirtyEight article was titled, “In the End, People May Really Just Want to Date Themselves.”

Pierson’s findings that similarity leads to matches was confirmed in another study, this one using Hinge data. These researchers also had a clever title for their study, “Polar Similars.” The researchers also discovered a new, quirky dimension in which daters are drawn to similarity: initials. Hinge users are 11.3 percent more likely to match with someone who shares their initials. And this effect isn’t driven by people from the same religions both sharing initials and matching more frequently—say, Adam Cohen matching with Ariel Cohen. The elevated match propensity of people who share the same initials holds taking into account religious affiliation.*

Opposites attract, the data tells us, is a myth. Similarity attracts—and the effects are large.

What Predicts Romantic Happiness

The fascinating, if sometimes disturbing, data from online dating sites tells us that single people predictably are drawn to certain qualities. But should they be drawn to these qualities?

If you are like the average single dater—predictably clicking on people with the traits the scientists found are most desired—are you going about dating correctly? Or are you dating all wrong?*

Recall, at the beginning of this chapter, I discussed the research of Samantha Joel and coauthors. Recall that they collected history’s largest dataset on couples and the qualities of those couples. Recall that they found that it was surprisingly difficult to predict whether a person was happy with a romantic partner based on a large list of traits. There is not a set of traits that guarantee romantic happiness or preclude romantic happiness. And no algorithm in the world can predict, with enormous accuracy, whether two people will end up happy together.

That said, there was some predictive power in some traits, some factors that do increase the odds at least somewhat that a person will be happy in their romantic relationship. I will now discuss what does predict romantic happiness—and how little it has to do with the qualities that people look for in a romantic partner.

“It’s Not You, It’s Me”: The Data Science Says So

Say there is a person, John, and he is partnered with Sally. You want to predict whether John is happy in the relationship. You are allowed to ask John and/or Sally any three questions about themselves and use this information to predict John’s relationship happiness.

What questions would you want to ask? What would you want to know about the two members of this couple?

According to my read of the research of Joel and her coauthors, the best three questions to figure out whether John is happy with Sally would have nothing to do with Sally; in fact, all would be related to John. The best questions to predict John’s happiness with Sally would look something like these:


	“John, were you satisfied with your life before you met Sally?”

	“John, were you free from depression before you met Sally?”

	“John, did you have a positive affect before you met Sally?”



Researchers found that people who answered “yes” to questions such as these are significantly more likely to report being happy in their romantic relationship. In other words, a person who is happy outside their relationship is far more likely to be happy inside their relationship, as well.

Further—and this was quite striking—how a person answered questions about themselves was roughly four times more predictive of their relationship happiness than all the traits of their romantic partner combined.*

Of course, the finding that one’s happiness outside of a relationship can have an enormous impact on one’s happiness inside that relationship is hardly a revolutionary idea. Consider this saying that was featured on Daily Inspirational Quotes: “Nobody can make you happy until you’re happy with yourself first.”

This is the type of quote that often makes cynical data geeks like myself roll our eyes. However, now, after reading the work of Joel and her coauthors, I have become convinced that this quote is largely true.

This relates to an important point about living a data-driven life. We data geeks may be most excited when we learn of a finding that goes against conventional wisdom or cliched advice. This plays to our natural need to know something that the rest of the world doesn’t. But we data geeks must also accept when the data confirms conventional wisdom or cliched advice. We must be willing to go wherever the data takes us, even if that is to findings like those featured on Daily Inspirational Quotes.

So, as discovered by both a team of eighty-six scientists and whoever writes Daily Inspirational Quotes, one’s own happiness outside a relationship is by far the biggest predictor of one’s happiness in a romantic relationship. But what else predicts romantic happiness beyond one’s own preexisting mental state? What qualities of a mate are predictive of romantic happiness? Let’s start with the qualities of one’s mate that are least predictive of romantic happiness.

Looks Are Overrated—and Other Advice That You Have Long Been Told and Consistently Ignored but Might Be Slightly More Likely to Follow, Knowing That Data Science Has Confirmed It

Among more than 11,000 long-term couples, machine learning models found that the traits listed below, in a mate, were among the least predictive of happiness with that mate. Let’s call these traits the Irrelevant Eight, as partners appear about as likely to end up happy in their relationship when they pair off with people with any combo of these traits:


	Race/ethnicity

	Religious affiliation

	Height

	Occupation

	Physical attractiveness

	Previous marital status

	Sexual tastes

	Similarity to oneself



What should we make of this list, the Irrelevant Eight? I was immediately struck by an overlap between the list of irrelevant traits and another data-driven list discussed in this chapter.

Recall that I had previously discussed the qualities that make people most desirable as romantic partners, according to Big Data from online dating sites. It turns out that that list—the qualities that are most valued in the dating market, according to Big Data from online dating sites—almost perfectly overlaps with the list of traits in a partner that don’t correlate with long-term relationship happiness, according to the large dataset Joel and her coauthors analyzed.

Consider, say, conventional attractiveness. Beauty, you will recall, is the single most valued trait in the dating market; Hitsch, Hortaçsu, and Ariely found in their study of tens of thousands of single people on an online dating site that who receives messages and who has their messages responded to can, to a large degree, be explained by how conventionally attractive they are. But Joel and her coauthors found, in their study of more than 11,000 long-term couples, that the conventional attractiveness of one’s partner does not predict romantic happiness. Similarly, tall men, men with sexy occupations, people of certain races, and people who remind others of themselves are valued tremendously in the dating market. (See: the evidence from earlier in this chapter.) But ask thousands of long-term couples and there is no evidence that people who succeeded in pairing off with mates with these desired traits are any happier in their relationship.

If I had to sum up, in one sentence, the most important finding in the field of relationship science, thanks to these Big Data studies, it would be something like as follows (call it the First Law of Love): In the dating market, people compete ferociously for mates with qualities that do not increase one’s chances of romantic happiness.

Moreover, if I had to define the qualities that are highly desired even though they don’t lead to long-term romantic happiness, I would call many of them shiny qualities. Such qualities immediately grab our attention. Just about all of us are quickly drawn to the conventionally beautiful, for example. But these attention-grabbing, shiny qualities, the data suggests, make no difference to our long-term romantic happiness. The data suggests that single people are predictably tricked by shininess.

Youkilis of Love: A Data-Driven Emphasis on Undervalued Assets

After poring through all this research in relationship science, it occurred to me that the dating market today has a striking similarity to the baseball market in the 1990s.

Recall the Moneyball revolution, which was the motivation for this book. The Oakland A’s and a few other teams realized, thanks to data analysis, that the market for baseball was all off. There was a disconnect between the cost of players in the open market (think: the salary you would have to pay them) and the value players brought to your team (think: how many wins they can add).

Players were frequently drafted and paid based not on the value they were likely to bring to the team but on other factors. The baseball market tended to overvalue shiny qualities in baseball players, such as being good-looking, and undervalued players who didn’t immediately look like they should be baseball stars.

One such undervalued player was Kevin Youkilis. Youkilis has been described as “a fat third baseman who couldn’t run, throw, or field.” His college coach explained, “He was kind of a square-shaped body, a guy [who] in a uniform didn’t look all that athletic. He wasn’t a tall, prospect-y looking guy. He looked chubby in a uniform.” Despite incredible college statistics, Youkilis’s odd-for-a-baseball-player appearance caused him to fall to the eighth round of the draft.

But data analysts knew that, despite not looking the part of a great professional baseball player, Youkilis had all the tools that really mattered. The Boston Red Sox, motivated by such data analysis, took him in the eighth round, to the great frustration of the A’s general manager, Billy Beane. Beane desperately wanted him but thought he would fall even further. The relatively short and chubby pick would eventually become a three-time All-Star and help lead his team to two World Series championships.

Data-driven teams in the 1990s, in other words, had success by focusing their attention on players, like Youkilis, who lacked the shiny traits that excited teams that didn’t know the data. As Michael Lewis put it, “The human mind played tricks on itself when it relied exclusively on what it saw, and every trick it played was a financial opportunity for someone who saw through the illusion to the reality.”

Similarly, the data has revealed striking inefficiencies in the dating market, with the mind playing tricks on single people. There is a disconnect between the cost of potential matches (think: how difficult it is to get dates with them) and the value of potential matches (think: the chances that they will make you happy in a long-term relationship).

So, could you approach dating with a similar mindset as that of Billy Beane? Could you focus more of your dating attention on targets whom the rest of the dating market ignores, even though they are just as likely to be great romantic partners?

The following groups of people, data has proven, all are dramatically less competed over in dating, even though the evidence suggests they are just as capable of making a partner happy.

Massively Undervalued Groups in the Dating Market


	Short men

	Extremely tall women

	Asian men

	African-American women

	Men who are students or work in less desirable fields, such as education, hospitality, science, construction, or transportation

	Conventionally less attractive men and women



By focusing more of your romantic attention on these groups of people, you will face less competition for an amazing mate. You are more likely to find a great partner whom others incorrectly ignore. You may find your Youkilis of Love!

OF COURSE, TELLING PEOPLE TO CARE LESS ABOUT SHINY QUALITIES, such as conventional attractiveness, that are overly valued in the dating market, while it may be sound, data-driven advice, seems like difficult advice to follow. There is a reason that shiny qualities are desired: shininess, almost by definition, grabs our attention. Return to Adam Duritz’s point that we are all looking for “something beautiful.” Is there any evidence-based way to allow yourself to stop being fooled by shininess in your search for romantic fulfillment?

One important, relevant, fascinating, and data-driven finding was uncovered by researchers at the University of Texas. In the beginning of a course, the professors asked all the heterosexual students in that course to rate the attractiveness of each of their opposite-sex classmates. Not surprisingly, there was a good deal of consensus. Most people picked the same classmates as the most attractive; these people were, by definition, conventionally attractive. Think Brad Pitt or Natalie Portman or the closest equivalents in the class.

At the end of the course, professors again asked the students to rate the attractiveness of each of their opposite-sex classmates. This is where the study got interesting. Now there was more disagreement in the attractiveness ratings. At the end of the class, people were far more likely to rate a person that other people didn’t find so attractive as the most attractive.

What happened between the beginning and the end of the course that led so many people to change the rankings of their classmates’ attractiveness? The students spent time with each other.

The man with the hunter eyes and chiseled chin may have seemed attractive at the beginning of the class. But he became less attractive to people who didn’t enjoy their time talking to him. The woman with the hooked nose and the low cheekbones may have seemed unattractive at the beginning of the class. But she became more attractive to people who enjoyed their time talking to her.

The results of the study have profound implications for how we approach dating. Recall that we tend to seek out mates with conventional physical attractiveness and some other shiny traits—the types of people who would have scored very high on attractiveness ratings on the first day of a course—even though these people are highly competed-after and don’t make for better mates. When we come across people lacking these shiny traits, we tend to not feel attraction toward them and not go on dates with them.

The research suggests that we might overrule our initial lack of attraction. Physical attraction, research shows, can grow over time if we like a person (or disappear over time if we don’t like a person). The data suggests we should go on more dates with undervalued assets (those who might not have the qualities that so many people find so alluring) even if we don’t initially find them attractive—and be patient, allowing a potential attraction to grow.

So much for the qualities that don’t predict relationship happiness, such as conventional attractiveness. What are the qualities that do?

The Most Likely Best Mate: Someone Satisfied with Life, Secure with Who They Are, Who Conscientiously Tries to Better Themselves

Joel and her coauthors found a few qualities of partners that did have some predictive power in how happy their romantic partners were. Their


	Satisfaction with life

	Secure attachment style (Be patient if you do not know what this—and a few other phrases—mean; I will explain them shortly.)

	Conscientiousness

	Growth mindset
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Appendix

The chart that follows compares the predicted happiness of activities, according to the survey conducted by Spencer Greenberg and me, to the actual rank of activities, as found by Bryson and MacKerron. Activities that have a positive Difference, such as “Exhibition/Museum/Library,” tend to give people more happiness than people expect. Activities that have a negative Difference, such as “Sleeping/Resting/Relaxing,” tend to give people less happiness than people expect.




	Activity


	Predicted Happiness Rank of Activity


	Actual Happiness Rank of Activity


	Difference





	Intimacy/Making Love


	1


	1


	0





	Pet Care/Playing with Pets


	2


	15


	−13





	Hobbies/Arts/Crafts


	3


	11


	−8





	Talking/Chatting/Socializing


	4


	7


	−3





	Theater/Dance/Concert


	5


	2


	3





	Singing/Performing


	6


	6


	0





	Sleeping/Resting/Relaxing


	7


	27


	−20





	Match/Sporting Event


	8


	13


	−5





	Computer Games/iPhone Games


	9


	20


	−11





	Watching TV/Film


	10


	19


	−9





	Birdwatching/Nature Watching


	11


	8


	3





	Eating/Snacking


	12


	21


	−9





	Other Games/Puzzles


	13


	16


	−3





	Hunting/Fishing


	14


	9


	5





	Gardening


	15


	5


	10





	Sports/Running/Exercise


	16


	4


	12





	Childcare/Playing with Children


	17


	14


	3





	Meditating/Religious Activities


	18


	12


	6





	Reading


	19


	24


	−5





	Exhibition/Museum/Library


	20


	3


	17





	Drinking Tea/Coffee


	21


	23


	−2





	Browsing the Internet


	22


	29


	−7





	Drinking Alcohol


	23


	10


	13





	Cooking/Preparing Food


	24


	22


	2





	Texting/Email/Social Media


	25


	30


	−5





	Listening to Speech/Podcast


	26


	25


	1





	Gambling/Betting


	27


	18


	9





	Traveling/Commuting


	28


	32


	−4





	Shopping/Errands


	29


	17


	12





	Care or Help for Adults


	30


	36


	−6





	Washing/Dressing/Grooming


	31


	26


	5





	Smoking


	32


	28


	4





	Working/Studying


	33


	37


	−4





	In a Meeting, Seminar, Class


	34


	33


	1





	Admin/Finances/Organizing


	35


	34


	1





	Housework/Chores/DIY


	36


	31


	5





	Waiting/Queueing


	37


	35


	2





	Sick in Bed


	38


	38


	0
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