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Yet, in spite of these spectacular strides in science and technology, and still unlimited ones to come, something basic is missing. There is a sort of poverty of the spirit which stands in glaring contrast to our scientific and technological abundance. The richer we have become materially, the poorer we have become morally and spiritually. We have learned to fly the air like birds and swim the sea like fish, but we have not learned the simple art of living together as brothers.


—MARTIN LUTHER KING JR.


I was taught that the way of progress was neither swift nor easy.


—MARIE CURIE















Introduction



I have three girls; the middle one is bionic. When she was thirteen, Elinor was diagnosed with type 1 diabetes. Today she wears the first-ever smart insulin pump. The pump is a smart machine because it makes autonomous decisions and learns and improves based on the information it receives from a glucose sensor also connected to her body. These wearable digital devices—the pump and the sensor—communicate with each other and help keep Elinor healthy. She, her older sister Danielle, her school nurse, my husband, and I all have an app on our smartphones that tracks the digital signals on Elinor’s blood sugar levels in real time. Whether you—like my bionic daughter—wear a smart device that keeps you alive, or, like most of us, simply use your smartphone, and perhaps your smart watch, as vital accessories, we are all moving toward an ever more digital coexistence with machines that shapes every aspect of our lives.


Technology can be lifesaving; it can help us be healthier, safer, and more equal. And yet, technology also brings peril. Artificial intelligence (AI), automation, and big data can replicate and exacerbate ongoing injustices. The examples of technology failures are numerous. From screening job candidates to deciding whom to release on bail, automated decisions have too often caused harm, making decisions that mirror long-standing societal prejudices. Robotics design frequently reflects culture-specific values and gendered norms. Big Tech controls data and uses it in ways that are opaque yet impactful on our behaviors. And Silicon Valley, the epicenter of innovation, is notoriously dominated by homogeneous leaders who do not reflect our global community. These problems are real and immense.


The reality is that the train has left the station. AI is here to stay. AI is here to expand. Now we find ourselves at a critical junction. Do we reject technology that has failed us, or do we direct tomorrow’s technologies for the good of our society? Do we merely continue pointing out the risks and flaws, or do we envision a brighter path forward? The idea behind this book is to ignite a deeply informed and constructive conversation about the path toward equality and empowerment in the digital era. I hope to move the debates forward, beyond the often-futile rifts of recent years. We need to boost technology’s potential as a positive force—a purpose that is profoundly personal to me. I am quite certain that you will find it personal to you too.


Before I became an attorney and law professor, I served as an intelligence commander in the Israeli military. Those were the early days of intranets, before the internet became part of civilian life. My job was to strategically evaluate data pertaining to national security risks, putting together a fuller picture of current and future threats, relying on an increasingly dense digital network of knowledge. I learned to anticipate the ways that data can be misleading. I witnessed firsthand technology’s potential for harm. But I also saw its ability to level unequal playing fields and deliver swift justice. Internally, within my unit, I saw how the network of computers became a great democratizer for my fellow female soldiers and me. With a focus on equitable assessment of female and male soldiers, we developed a system of transparency using the intranet to keep a digital record of the contributions of different analysts such that female commanders began to receive more credit for our insights and hard work. This was in the mid-nineties, and many women from my unit went on to become technology and policy leaders in academia, government, and industry. I studied law and economics first at Tel Aviv University and then at Harvard, and now, as a professor and policy expert, I research how law and technology can be directed to tackle our most difficult social challenges.


When I was my eldest daughter’s age and planning for my upcoming military service, women were excluded from combat positions. I ended up marrying an F-16 pilot rather than becoming a fighter pilot myself. After my military service, I clerked on the Israeli Supreme Court, drafting court decisions that ultimately held such gender restrictions unconstitutional. My fighter pilot husband, University of California San Diego professor On Amir, who is now a behavioral economist, became my frequent co-author. Together, we research human bias and the potential of design and policy to bring about change. We each consult major tech platforms and public regulators on how to make technology ethical, safer, and more equitable. We also rely on technology to help us raise our three daughters and to support our work-life balance. Tracing the arc of our lives, we see how machines have transformed who we are and how we live in a fundamental way. How we work and learn, how we interact and play, how we relate to others and to ourselves—all are being shaped and reshaped by technology. Every day, we interact with machines that are getting smarter, faster, and more intimately familiar with us.


When Tech Gives Us Lemons


Equality is today’s foremost moral imperative. Unfortunately, in our quest to innovate rapidly, technology has too often contributed to greater inequalities. But technological advances can be—and often are—in service of inclusion and empowerment; it’s all about making deliberate choices. We constantly hear horror stories about technology gone wrong, biased AI, and a looming dystopian human-machine future. Bestsellers with titles like Weapons of Math Destruction, Algorithms of Oppression, Automating Inequality, Technically Wrong, Surveillance Capitalism, and Invisible Women: Data Bias in a World Designed for Men all sound the alarm about how new technology can diminish, exclude, and perpetuate inequality. And they aren’t wrong. As we shall see, the reasons for technological inequities are varied, ranging from bad data fed into systems by engineers to autonomous learning and replication by machines of our existing societal disparities to unethical corporate decisions and biased design choices.


Certainly, technology failures do present imminent dangers and must be addressed. Yet problems precede progress—and progress supersedes perfection. How can we integrate AI into our social systems in ways that promote fairness and equal access? Can we design robots that challenge gender and racial stereotypes? Can we use machines in decision-making processes where we humans have been notoriously flawed and discriminatory? Can we automate traditional “women’s work,” including domestic and caregiving work? Can we direct automation for greater inclusion and more diverse participation in our labor markets and political lives? And how can we make our human energies and labor more valuable as automated production increasingly becomes our reality?


I believe that every aspect of our lives—work, family, school, sex, art, and play—can be improved by confronting rather than shying away from the challenges of new technologies and by identifying and promoting the best choices for a new era of machine-human coexistence. My two decades of research have taught me the importance of being critical but constructive. We are rebuilding our home structures and economies, schooling, healthcare, and employment systems, romantic and familial relationships, and marketplaces and political forums. As we move metaphorically in these pages through the body parts of machines—mind, body, senses, heart, and soul—my hope is that you too will become cautiously optimistic and smartly constructive about where we are heading.


Our starting point: despite its risks and flaws, digitization can and must become a powerful force for societal good—for fairness, inclusion, economic growth, expanded opportunities, innovation, and, above all else, equality. AI can be a force for debiasing, and it can provide early detection of discrimination and abuse. AI, robotics, and digital platforms can forge a path toward a better, more diverse, and empowering future in innumerable ways: from closing pay gaps to exposing and correcting biases in hiring and marketing; from keeping a digital record of workplace harassment to diversifying the cultural images we see online; from increasing privacy and safety to upending traditional gender roles and rejecting racial stereotypes; from subverting closed-minded “marriage markets” to broadening our sexual experiences; from supporting eldercare to opening up spaces and opportunities no matter one’s ability or geography. Through the wise and forward-looking implementation of tomorrow’s technologies, we can envision a society in which our lives are not limited by gender, race, sexuality, age, geography, or ability. But equality will not come without deliberate choices, oversight, and direction. The time is now to put skin in the game and develop a robust vision of what we can achieve.


A Blueprint for Building an Equality Machine


We’ve always had an ambivalent relationship with machines, and in particular with robots, seeing them as both subservient and supreme, facilitative and fearsome. In reality, with any technological advancement, equality must be prioritized, claimed, and ensured. My goal throughout this book is to develop practical tools and rules alongside broad principles for an inspiring vision of our digital future that moves the needle on equality. In itself, technology is value neutral. And yet, depending on its function and purpose, technology can either eradicate or perpetuate inequalities. Let’s identify here at the outset several guiding principles:


To embrace digitization as a force for societal good, we don’t need to find it perfect. We only need to be convinced of its potential and ability to do better than our current systems. Human decision-making is inherently limited, flawed, and biased. We should strive to grasp AI’s comparative advantages as well as its comparative limits. A progressive system is one that takes the best qualities of our respective decision-making capabilities—human and machine—and presents them as a better-than-before hybrid model. Moreover, we need to compare the net gains and losses from imperfect systems. The inquiry should be comparative and relative, not absolute. The goal should be progress, not perfection.


We should see mistakes as opportunities to learn and redouble our efforts to correct them. Rather than sensationalize stories about technology failures, we should focus on how technology can do better. Leaders in the fields of AI, robotics, and digitization are making amazing leaps in research and technological innovation all the time, but wins are never without losses, and glitches and missteps will always cause alarm. Yet even during some of our darkest times (and perhaps especially so)—recently, the Covid-19 pandemic and the social upheavals of 2020, with so many confined to their homes or protesting in the streets against brutality and discrimination—we saw how technological advancements served as a positive force. Technology connected us during isolation, provided care and interaction for the elderly and the sick, assisted the transition to remote work, helped mobilize civil rights activism, kept live records of systemic abuse by law enforcement and private corporations, and made those records known. The mobile capture and widespread social media dissemination of the video of George Floyd’s murder at the hands of a Minnesota police officer are but one example. Data mining also helped policymakers and scientists assess risks, monitor compliance with shelter-in-place ordinances, and accelerate the race for mass Covid-19 vaccination and herd immunity. When the application of technology fails—as with racially biased facial recognition algorithms, for instance—these failures can be better exposed than past wrongs that were hidden from sight and not recorded. And failures can often be better corrected than our human fallibilities.


We can scale success and learn from experimentation. Throughout the book, we will uncover so much to celebrate: tech communities—in research, business, and the public sector—developing algorithms that detect bias and discrimination in everyday workplace and social settings; software designed to help employers close pay gaps; bots that detect early signs of a propensity to harass and allow victims to report harassment anonymously; digital platforms transforming the images used in media, politics, and marketing to foster more diverse and empowering representations of women and people of color; a lively feminist debate on whether and how sex bots can mitigate trafficking and sex crimes and liberate desire and difference; digital health data collection and analysis that can reverse thousands of years of biased research; and so much more. Even oft-maligned social media platforms and mass digital media offer opportunities for broader communication and greater inclusiveness. Now more than ever before, our society needs meaningful, systemic change. The way forward is to incentivize experimentation, deploy technological advancements for societal goals, selectively keep humans in the loop, continuously audit, and scale successes through deliberate—and often public—choices.


The goal of equality should be embedded in every digital advancement. Inherent in the world of machine learning is the ability to learn and improve, but we need to be clear-eyed and articulate about what improvement means. We need to consider the feedback loops between technology and society. Algorithms will replicate past wrongs unless we explicitly direct them not to. This also means we need to separate technological capability from its function and actively envision redirecting the original purposes of innovations. We can learn to flip the scripts of what technology represents and who it serves, and instead imagine uses and capabilities that serve the greater good and the goals of equality and inclusion. We can also identify how competing goals—such as accuracy and fairness, equality and privacy, and efficiency and inclusion—become win-win goals, overall gains rather than zero-sum choices, when enhanced by technology and ongoing learning. As new digital technologies are introduced in every aspect of our lives, rather than simply bemoaning past wrongs and decrying the risks of replicating them, we need to actively select uses of technology that empower and build a better society.


We should count what matters. We can leverage digital technology to collect the right data, missing data, alternative data, and complete data, and shed new light on age-old problems. We measure what we care about. We collect data about what is important to us. Far more than our human capacities, the computing power of machines today can mine through unprecedented amounts of data and extract patterns about our world. Big data, the massive data sets that we now have computing capabilities to store and analyze—and in particular, information about us humans that can identify and quantify social, psychological, economic, and health trends—can offer highly granular information about the sources of discrimination and disparity along with solutions and avenues to progress. The capacity to sort and mine through immense amounts of data enables algorithms to educate us about inequality. But addressing inequality starts with better data. Empowerment relies on tracking information that matters.


For example, the Bread for the World Institute recently issued a report showing that 92 percent of gender-specific economic data is missing from Africa. We are not measuring the struggles of those who are most in need. Millions remain in the shadows. But we can tackle the problem today thanks to technology, and the institute is working with volunteer coders, data scientists, statisticians, and graphic designers to begin to systematically collect what matters—to materialize the missing data and bring problems like these to light. Supreme Court Justice Louis Brandeis famously said that sunlight is the best of disinfectants, and electric light the most efficient policeman. To prevent discrimination, we need to shed light on it. To debias, we need bias detection. To make sure history is not repeated, we need to study it. If Justice Brandeis were alive today, he might say that data done right is the best of disinfectants, and digital illumination the most powerful social equalizer.


We must understand technology as a public good. The immense amounts of data we are now collecting, as well as the technological leaps that are enabled by this data, should be understood as a public good. AI is improving all the time by gobbling up endless information tied to our autonomous selves, from health and genetics to images, voice, and cognition—every aspect of our behavior. This also means that we should challenge the reality of just a few corporations dominating and controlling the data extracted and the algorithms fed by that data. In my work on intellectual property and human capital, I have shown that knowledge and innovation are shared resources, developed through shared multigenerational contributions, and their benefits should also be shared rather than monopolized. The free spread of ideas, to paraphrase Thomas Jefferson, like the air we breathe, has been the moral and natural way humanity has seen progress over the globe. When it comes to patents, copyright, and trade secrets, there are fierce battles and vibrant debates about the right lines we should draw in what is owned and what is part of the public domain. These fundamental questions about the costs and benefits of controlling knowledge and the distributional effects of intellectual property and antitrust regimes must now be worked out with regard to big data and AI capabilities. Just like information, knowledge, innovation, and our talent pools more generally, AI and data should be understood as a commons—a shared resource capable of addressing some of the world’s toughest problems: global health and pandemics, world hunger, environmental sustainability and climate change, and poverty and inequality. We should move toward more open-source big data as well as public initiatives to crowdsource data collection for public goals. And we need to incentivize more competition and less concentration in the development and use of new technologies. Competition lowers costs and fuels choice, customizable options, and user-driven preferences.


We can create AI that challenges stereotypes. We need to build machines and design robots that subvert long-standing constructions of identity. Robots, digital assistants, chatbots, GPS systems, apps, and many more of the machines we build are receiving human names, voices, personalities, and shapes—and also quite frequently gender and ethnicity. The word robot comes from the Czech word for “slave”; Czech playwright Karel Čapek coined it from the word robota, which means slave or forced labor. His play Rossumovi Univerzální Roboti (Rossum’s Universal Robots), which premiered in Prague in 1921, described a factory of robots, or artificial slaves, that were mass-produced for global export. In 1924, the play was produced in Tokyo for Japanese audiences with the new title Jinzo Ningen (Artificial Human). From slaves to artificial humans, robots designed to look and behave like humans—androids—are still in their infancy, and popular culture is seduced by a fantasy of robots that are just like us. We need to examine the reasons for designing robots that look human and sentient—appearing to be able to sense, perceive, and mimic human behavior and emotions. Developers can and should create more neutral virtual assistants. But we can also experiment with the design of robots—care robots, sex robots, machines that perform work at home and at the office—with the specific goals of challenging stereotypes and conventional assumptions. We can adopt an active approach to design that challenges the status quo and questions traditional scripts. We need to examine when and why robots should convey human characteristics, when they can receive more fluid and ambiguous forms, and how they can be carefully integrated into the fabric of the family and society to foster connectivity, space, and equality.


Policy can incentivize, leverage, and oversee technology. Especially when communities are unequal and rifts pervasive, shifting the focus from traditional anti-discrimination litigation and legislation to improved technology presents strategic advantages. For example, alerting a company to the existence of pay inequities discovered through software analysis is less accusatory than uncovering intentional discrimination by a single decision-maker. Technology can also ensure that corrections are systemic rather than a patchwork of one-shot fixes. For example, a policy reform that requires dynamic, up-to-date electronic pay scale transparency can create far more systemic, forward-looking, and sustainable change than a class-action lawsuit, which merely examines and corrects past wrongs. Likewise, using bots to protect online sexual privacy and autonomy is faster and more proactive than waiting for platform users to file a complaint. AI can detect discrimination in cheaper, more accurate, more quantifiable, and more fine-tuned ways than broad-brush rules, complaints, and after-the-fact litigation. But in concert, law and policy have a key role to play in regulating technology in ways that leverage these comparative advantages and maintain an ongoing public oversight role. Policy can require built-in monitoring, reporting, and accountability across the development, design, and deployment stages of new technology.


We must make choices in a deliberate and inclusive way. Beyond the cultures of all-boy networks, hackers, geeks, nerd-kings, and bros—exclusive homogenous clubs that hitherto have spearheaded AI’s development—lie the stories of diverse leaders who are changing the face of the technology communities. Throughout the book, we will celebrate diversity at the forefront of AI research, business, and policy, with the hope that celebration will inspire more to join the ranks. We need to encourage diverse talent to enter the field early and deliberately. We need better policies that create inclusive tech environments. And diversity is intertwined with multidisciplinary inquiry: technology should be thought of not as the narrow job of computer scientists and engineers, but rather as the work of psychologists, ethicists, policymakers, economists, historians, artists, anthropologists, sociologists, life scientists, and more. In the following chapters, we’ll travel from California to Tokyo, New York to London, Seoul to Amsterdam, and beyond, meeting roboticists, ethicists, activists, policymakers, parents, educators, and business leaders. We will uncover a clear, hopeful, and progressive message on how to harness tomorrow’s technologies to untangle and counterbalance centuries of inequality.


My aim is not to provide an exhaustive list of technologies or principles for building an equality machine. We are delving into fields so rich and dynamic that we need to pace ourselves while also racing ahead with our collective imagination. As we attempt to make machines more like humans, we are learning more and more about what it is that makes us us. This book is about psychology as much as it is about technology, about morality as much as about policy; it’s about history and the future, about what humanity teaches us about machines, and what machines teach us about ourselves. As we uncover the inequitable dimensions of digital existence, we are also learning about our most fundamental principles, beliefs, values, and desires—broadly as a society and more narrowly as individual human beings.


Technology has for centuries reconfigured identities and societies, but never has this reconfiguration been so rapid and acute as in our times. The idea of smart machines being introduced into every aspect of our lives is both seductive and terrifying. With great computing power comes great responsibility. At stake is no less than our humanity. Each chapter of this book is a window to reveal life as it is and as it can be. Through the lenses of fairness and equality, gender and identity, power and progress, let us envision the human-bot revolution in the coming years in a way that challenges us to look at ourselves anew. Digitization and automation are here to stay, and engaging with all they entail by proposing positive uses, progressive improvements, creative solutions, and systemic safeguards is the way forward.
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A FORCE FOR GOOD
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CHAPTER 1



Why We Need an Equality Machine


There is always a light, if only we’re brave enough to see it. If only we’re brave enough to be it.


—AMANDA GORMAN, National Youth Poet Laureate, 2021


The quest for equality is a microcosm of all the struggles of humanity. We care about fairness, welfare, justice, democracy, safety, well-being, happiness, freedom, our planet. Each of these profound values itself engenders internal tensions and sustains multiple meanings, as does the notion of equality. Yet, unequivocally, the single most important thing that we can do to bring progress on all of these fronts is to tackle the inequities that pervade our worlds, and in so doing empower the more vulnerable. It is a moral imperative—lifesaving, planet saving, and dignity saving all at once. Karl Marx wrote that the power relations between men and women are a window into “the entire level of development of mankind.” In 1846, together with his frequent collaborator Friedrich Engels, Marx reasoned that the first division of labor is that between man and woman, and the first class oppression is that of the female sex by the male. Improving gender equality goes hand in hand with tackling racial, social, and economic inequities, and it liberates all to truly choose and shape their identities. In many of the social problems we tackle today, it is virtually impossible to separate gender from race, sexuality, nationality, and class, just as it is near impossible to separate notions of liberty, justice, and the pursuit of happiness from providing these fundamental values to all.


Around the world, movements toward gender and racial equality are literally saving lives. Nicholas Kristof’s writings about gendercide—detailing the hundreds of millions of missing women, gender selection in abortion, violence against girls and women, and unequal access to healthcare, education, and parenting—reveal a tragedy that exceeds all the male deaths in the wars of the past century.1 Moving toward equality is a virtuous cycle. In places like rural India and Africa, for example, when villages begin sending girls to school just as they do with boys, the girls’ health and well-being improve and the overall economic and physical well-being of their communities rises. Diversity, too, is fundamental to survival—of organizations, societies, and species. Many of the problems we will explore in this book have varying manifestations and responses as we cross borders and cultures. Many of the problems that women and minorities face—discrimination and exclusion in markets, physical and verbal abuse, unequal access to medical care and health benefits, objectification, sexism and racism in the media and political life, disproportionate burdens of childcare and domestic work, and infringement on autonomy and freedoms—are faced by other disadvantaged groups as well. Most issues are far, far worse for those who have the least digital access, cannot afford new technologies, and experience the challenges of intersectional exclusion (i.e., those with multiple vulnerable identities, such as being an immigrant woman of color). The devil, often, is in the details. But the devil is also in the bigger picture: in the fundamental principles of equality, dignity, and human flourishing. Our fates are tied together.


Builders and Blockers


News headlines often warn that new technologies—from artificial intelligence to robots to big data—have a gender or race problem. Such problems have been pervasive: automated advertisement bots that show different types of job openings to men and women and to younger and older workers; credit or lending algorithms that prefer men to women and white applicants to Black applicants; facial recognition systems that fail when presented with non-white faces; social media algorithms that prioritize profit at the expense of teenage girls’ well-being; popular digital personal assistants (like Alexa, Siri, and others) designed as subservient female bots. The list goes on and on. Technology indeed often embeds inequality. But what if we flipped the script and instead adopted a mindset that inequality faces a tech challenge? What if we considered challenges as opportunities to do better—opportunities not only to address technology failures but to use technology to tackle societal failures?


Over a decade ago, early in my research on innovation and technology, I noticed a split in the debates. There were the insiders, who hailed technological innovation, automation, and the rise of the internet and big data as a utopian new era that would foster efficiency, growth, and opportunity. Disruption was both goal and means, regardless of distribution. Man would become God. Yes, I said man, because these insiders were almost universally white men in a particular corner of the world—my corner, in fact, here in California. There were also outsiders with a rising voice: women and people of color, people from outside Silicon Valley, and people from other parts of the world—many of them from developing countries and rural areas—who warned against exclusion and inequality propelled by new technologies. What struck me the most about this landscape was how dichotomous it was. In my professional and private lives, at conferences and in the classroom, in the political sphere, in the media and the literature, I found conversations about technology’s potential to empower lacking. The two sides were talking past each other, one group of haves from the inside, one group representing the have-nots from the outside. There was little attempt to complicate, engage, and envision inclusive and empowered paths forward.


A particularly acute version of the utopia/dystopia split is between bias-fixers, who believe that we can address problems in the system, and bias-blockers, who want to abolish technology when it has proved harmful. Progress requires overcoming the twin specters of denying risk and denying promise, of uncritical embrace and critical paralysis. Bias fixing is too narrow—there is certainly a need in our inquiry to ask about whether certain applications of technology are viable or legitimate. For example, civil liberties activists have questioned whether we ought to disallow algorithms that identify a person’s sexuality or ethnicity; we’ll discuss this question of algorithmic blindness/awareness later in the chapter. But technological advancement is rarely something that can be readily blocked, nor should it necessarily be. Instead, technology needs to be built and put to use responsibly.


Within this jagged landscape between utopia and dystopia, the technology field itself is fast-moving, and each year we learn more about its risks as well as its potential to address the things we most care about. To employ technology for good, something must change in the way we debate new advancements and developments. We need to change the story of “technology = power = evil.” We need a more comprehensive portrayal of what is currently under way and what the future can hold. We need to reject the black-and-white story of diametrically opposed futures—a robopocalypse at one end of the spectrum and a robotopia at the other—and have a richer conversation about the transformations occurring in every sphere of our lives.


The Equality Moneyball


In Moneyball: The Art of Winning an Unfair Game, Michael Lewis recounts the story of Billy Beane, the Oakland Athletics general manager who built a winning baseball team on the cheap. Beane used statistical analysis while others were still using human judgment and perceptions, hunches and gut instincts. Remember our guiding principles: we cannot correct what we don’t measure. We cannot improve what we don’t study. Today, statistical analysis is a major tool in every aspect of our lives—from job matching to dating, from politics to media, from consumer marketing to law enforcement. In many contexts, even simple mathematical models outperform human experts. As computing power increases, computers can access ever-larger data sets and apply sophisticated algorithms to predictive modeling, dramatically increasing accuracy. An algorithm is simply a set of instructions; basically, it’s a formula that takes you step by step through a decision-making process. Today’s algorithms can gobble up and find patterns in huge amounts of information, and this capacity is rapidly increasing. Imagine an equality moneyball.


eBay offers a potent illustration of disparity detection through digital data analysis—and how we can learn from what we find. The company is a pioneer in its willingness to open its under-the-surface data for researchers to mine. Usually this kind of data is kept secret, a practice that needs to change. When eBay recently released a vast data set spanning more than a decade and billions of data points about online auctions, two researchers—law professor Tamar Kricheli-Katz and economist Tali Regev—were among the first to study it. On eBay, as on many online marketplaces, sellers can specify personal information when they register, and even when gender is not specified, buyers can often guess the seller’s gender by their name or by their selling histories. Kricheli-Katz and Regev looked at more than 1 million auctions on eBay and found that women consistently receive less money than men when selling the very same products. These disparities held true even when controlling for sellers’ reputation scores, initial minimum prices, and “buy it now” prices. The study found that when men and women offer the exact same new products, such as iPods in original, sealed packaging, sellers identifiable as women receive fewer bids and lower final prices—receiving on average only 80 cents for every dollar that male sellers receive.2 Even greater gaps exist when women sell products that are perceived to be typically owned by men, such as electronics. Astonishingly, gift card sale prices are subject to the same gap as new products: women who sell a $100 Amazon gift card receive less than men selling the same $100 Amazon gift card.


As we will see in Chapter 3, 80 cents to the dollar is a figure all too familiar to anyone aware of the gender pay gap in the job marketplace. There it was—that same gap—when selling identical items online. Interestingly, the gender penalty was smaller in the sale of used items: women only received 3 percent less than men. Kricheli-Katz and Regev surmised that this smaller gap could be because buyers subconsciously trust women more regarding the quality of the used products they list. So we see two competing stereotypes at work: women should earn less, but they also lie less—or to flip this, they are humbler in their demands, but they are also humbler and more truthful in their presentations. Another of the study’s findings was that men and women use different terms to describe their products, with men using stronger, more flattering depictions. But even when controlling for these differences in descriptions, the money gap between bids for identical new products was 19 percent.


Unhidden Figures


Whether it’s businesses or governments using algorithms, we don’t have to settle for their opacity and proprietary status. When we see patterns of discrimination clearly, we are much more likely to do something about them. Armed with findings like those on eBay, platforms could design their user interfaces to alert sellers about comparable sales. eBay could redesign the bidding process such that gender as well as race—as we will see later, other studies show similar inequities when it comes to race and ethnicity in online exchanges—would be hidden until after pricing and initial offers. Platforms could also suggest stronger words and descriptions of products to equalize the selling side of the auction. The digital space lends itself to corrections in other ways as well. For example, eBay offers automated sniping agents that bid at the last possible second; it could also tackle irrational inequities by introducing software to assist both sides in presenting offers and making competitive bids. And if companies like eBay don’t proactively move to address these inequities, policymakers can play a role in requiring the detection, reporting, and correction of inequities.


The first step, always, before seeking reform is to identify and understand the problem. In the digital space, analyzing data can expose inequities. By contrast, it is largely impossible to conduct such accurate, robust, ongoing, and granular detection of disparities when it comes to the very real price discrimination that exists offline. In one famous field experiment from the early 1990s, participants posed as buyers at used car dealerships. It’s not difficult to guess the results: the sellers gave women and people of color higher initial prices than they gave to white men. But how often and at how many dealerships can one run such an experiment? And how easily can we as consumers and regulators address these market disparities, which have pervaded the marketplace for centuries? The elegance of the eBay study helps us imagine the power of digital data both in shedding light on age-old patterns of discrimination and in envisioning solutions moving forward. Algorithms can mine through massive digital records to engender our quest for equality. And better yet, imagine if—rather than researchers tackling the challenge of mining through data like eBay’s years after events take place—algorithms constantly looked for discriminatory patterns. In this way, bots could effectively become 24/7 watchdogs, detecting real-time patterns that exclude or disadvantage women and minorities in the marketplace.


We are at a critical juncture. Like eBay, online platforms such as Facebook-turned-Meta, Amazon, Google, LinkedIn, Uber, Airbnb, Fiverr, Etsy, and more possess a wealth of information about our behavior and relationships. Facebook rebranded itself as Meta in response to widespread public discontent with the secrecy surrounding the immense amounts of data the company has accumulated and its reluctance to explain how it chooses between profit and the well-being of its users. Some revelations about corporate practices, as in the case of Facebook, come through insiders-turned-whistleblowers. Some, like with eBay, are aided by a company providing access to its data. Other disparities come to light through direct experimentation by researchers studying digital behavior. For example, Harvard Business School researchers designed an experimental field study, creating fake Airbnb profiles of guests looking to book vacation homes; some were white and some Black. Disturbingly, the researchers found that requests from guests with distinctively Black names were 16 percent less likely to be accepted than identical guests with typically white names. These differences persisted whether the host was male or female, white or minority.


Another study compared the ratings of vacation rentals cross-listed on Airbnb and its competitor HomeAway. Airbnb visibly shows hosts’ identity; HomeAway does not. And sure enough, the researchers found users’ ratings on Airbnb to be racially biased: Black hosts often receive lower rating scores and, in turn, earn less for comparable accommodations. And while the platform’s mutual rating and review systems have positive implications for trust and credibility—what I have called in my research “systems of stranger trust”—they are also affected by our biases. Recent studies such as these illustrate ways to detect discrimination: to actively experiment with what happens in controlled settings when gender or race alone—or together—are switched. But we need to conduct these studies in more systemic and ongoing ways, leveraging public policy to incentivize such research.


Digital companies can respond swiftly and strongly to incidents of discrimination. When discrimination is detected, the next step is to find solutions. Services often contain photos and names of users, such that race and gender are often visible. Airbnb could, like traditional hotel chains, require hosts to accept guests without revealing the guests’ identities. Like HomeAway, it could hide hosts’ identities until later in the exchange. I talked with Airbnb about its solutions, and it prides itself on responding quickly—far more quickly than any administrative agency could when a complaint of discrimination is filed—to any concerns raised by hosts or guests. Airbnb describes the company as having “a zero-tolerance policy for discrimination on the platform.” For example, when a gay couple arrived at a Texas bed-and-breakfast and were refused accommodation, Airbnb removed the host from its listings, refunded the money paid for the booking, and paid for a night at the hotel that the couple ultimately stayed in. The company condemned the incident: “Airbnb has clear guidelines that a host or a guest may not promote hate or bigotry.” After the Harvard experiment became public, the hashtag #AirBnBWhileBlack went viral on Twitter. Airbnb responded to the findings and outcry by creating stronger anti-discrimination policies, requiring users to actively sign a commitment to anti-discrimination, and changing the way profile photos are displayed. Now profile photos are displayed to hosts only after a booking is confirmed. The company also introduced an “Instant Book” function, which allows guests to book a listing immediately without approval from the host, ensuring a more objective, unbiased deal. Airbnb has removed 1.5 million people from the platform who failed to comply with the platform’s anti-discrimination policy. And in 2020 it launched Project Lighthouse to continue to monitor for discrimination on the platform in collaboration with civil rights organizations including Color of Change, Asian Americans Advancing Justice, the Center for Democracy and Technology, the Leadership Conference on Civil and Human Rights, the League of United Latin American Citizens, the NAACP, the National Action Network, and Upturn. Basically, this project continues the initial studies about discrimination on the platform on a far larger scale. Airbnb sends pictures and names of hosts and guests, without other identifying information, to these civil rights partners to receive their perceptions on the identity of the users; in turn, Airbnb uses the partners’ perceptions to study whether reservations made by those seen as belonging to a certain race are declined more often than others, which then helps the platform create new features and policies to address biases found.


The discrimination detected on Airbnb and eBay was human-driven, but the digital “paper” trail facilitated its discovery, and digital design allows for its correction. Access to large-scale data can help inform both companies and policymakers about patterns of discrimination more effectively than case-by-case discrimination litigation with its inevitable arbitrariness. AI can help parse the underlying reasons for inequality, ranging from pure bias to disparities in opportunities and behavioral differences. For example, if some of the differences in bidding, contracting, negotiating, or selecting are completely attributable to variances in the ways different groups describe their products, services, or skills, or in how they negotiate or contract, then the solution would be different than if the gap remains even when behavior is identical. AI provides us with unprecedented, invaluable insights that we can harness to create change with more precision—and intention.


We Can Teach a Bot New Tricks


Emily Dickinson wrote, “Let us dwell in possibility.” In itself, technology is neutral. Data can be employed for good and for bad. Technology can help and harm. Innovation can empower and exclude. The eBay and Airbnb examples demonstrate how technology allows us to mine through immense quantities of data and uncover patterns. But new technologies are doing more than that: algorithms are increasingly making decisions based on the information they mine and the patterns they detect. A learning algorithm is a program that takes information, or what we call training data, as input and creates decision paths, or classifiers, that use this data for future tasks. For example, an algorithm may be instructed to create the best new Italian recipes. The algorithm will be fed many existing recipes from cooking websites, including ratings and reviews that people have offered, and it will learn what makes top-rated recipes tasty—and popular.


Machines that learn are an entirely new concept. Throughout history, machines were static inventions. If they were defective, we replaced them. Their purposes were set and their life cycles finite: machines would invariably continue to function as they were originally designed to do, and eventually, inevitably, they became obsolete. But the AI revolution changes everything. Machine learning is an application of AI that allows computers to autonomously improve through data and experience without being explicitly programmed on how to do so.


One way that machine learning happens is through word embedding, a common research framework that represents text data as vectors used in many machine learning and natural language processing tasks. The machine teaches itself associations from all the text input it receives, and the algorithm learns about pairings. When presented with associations like “wheel: car, wing: ____,” a word-embedding algorithm learns to predict “plane.” Taking it a step further, “flowers” and “musical instruments,” for example, are far more likely to be associated with pleasant words than “insects” and “weapons” are.3 Just like our minds develop associations, an algorithm learns these connections from processing natural language fed to it. In this way, a computer can learn to solve puzzles, such as “man is to X as woman is to Y.” For example:
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But word embeddings are notoriously problematic, and the problem lies in the nature of the beast: machines learn from the data they are fed. That data is what we humans have produced over time. If a machine is fed partial, inaccurate, or skewed data, it will mirror those limitations or biases. For example, when an algorithm is fed mainstream books and news articles as input, the vectors that represent the data are rampant with stereotypes: the word “daughters” is embedded with “sewing,” whereas “sons” is embedded with “school.” An example of a biased embedding would be:4
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Word embeddings demonstrate how AI learns language, speech, and thought. Millions of text inputs teach the algorithms which words are closer to others or are positioned similarly in sentences.5 The following are examples of machine-learned word associations:6


Extreme she occupations: 1. homemaker 2. nurse 3. receptionist 4. librarian 5. socialite 6. hairdresser 7. nanny 8. bookkeeper 9. stylist 10. housekeeper 11. interior designer 12. guidance counselor


Extreme he occupations: 1. maestro 2. skipper 3. protégé 4. philosopher 5. captain 6. architect 7. financier 8. warrior 9. broadcaster 10. magician 11. fighter pilot 12. boss


Language Creeps


Researchers working on these studies assert that these findings underscore the importance of how people interact with others in real life. In other words, words matter not only immediately, but also in how they become part of humanity’s digital histories through which machines learn. While some of the academics studying these questions previously dismissed claims about potentially hurtful or discriminatory language as overly sensitive “political correctness,” they are now seeing how impactful the language we use is. The words we use not only affect our relationships in the present, but creep their way into what machines learn about us as well, potentially coloring human interactions long after and far beyond when and where they are spoken. As we will see in the coming chapters, biased systems operate in feedback loops: algorithms’ predictions can become self-fulfilling prophecies. For example, biased associations may direct an algorithm to show different kinds of advertisements or job openings to men and to women. The algorithm might decide, due to the proximity of vectors, to present women with a stereotypical set of choices when using a search browser—say, ads about shopping and spas—while showing men ads about jobs and tech gadgets. In turn, women will continue to have less information about professional opportunities, continuing and even deepening our reality of occupational segregation and financial disparities.


Research substantiates the prevalence of these biased associations in our written and spoken language. In a study published in Science, a machine trained to read through Google News articles learned to make associations between words. Without being guided in any way, the program came to associate male and female names with different types of careers and different kinds of emotions.7 Bias creeps into algorithms in this way because bias is baked into the language of our culture—because our societies are unequal. Once a machine is trained—namely, once it has read through thousands of news articles—it will exhibit stereotypes to a troubling degree. It will complete the sentences it’s fed in a discriminatory way, stereotypically predicting professions, behaviors, and treatment.


To paraphrase the study co-author Joanna Bryson, AI is no fairy godmother—it’s just an extension of our culture.8 So, in the absence of fairy godmothers, researchers are taking the lead in addressing these problems to build better machines. A growing number of computer scientists have committed to making machine learning fairer and more equal and are developing algorithms that would mitigate bias. One type of debiasing algorithm sorts out words that are inherently gendered (such as “daughter,” “mother,” “king,” or “brother”) from those that are not (say, “computer programmer,” “nurse,” “doctor,” or “homemaker”). The algorithm can thereby extract the bias from the data, reducing analogies that create stereotypical connections about traits, abilities, and activities. The programmer can thus constrain the algorithm’s learning process. In Chapter 2, we will see these advancements being deployed in screening contexts such as employment interviews and résumé parsing.


As we shall learn, however, monitoring the outcomes of algorithmic patterns is a further crucial—and often more effective—step toward debiasing. Research teams around the world are developing new and promising debiasing software. The scientific community has been making great strides in understanding algorithmic bias and discrimination and in teaching algorithms how to detect, measure, and mitigate these biases. One group of computer scientists, for example, recently created software that specifically tests for disparate outcomes. The software pairs algorithms that work together toward parity: one algorithm looks at whether a data set can distinguish between male and female, and a second one attempts to remedy bias by modifying the actual data set so that any algorithm making selections would deliver fair results. This second algorithm goes into the data and blurs attributes that may be correlated to gender or race.9 In this way, algorithms can be employed to directly override biased decision-making—they can be designed with an additional layer of judgment as to how to respond to biases affirmatively, such as flagging gendered patterns in data or creating a positive presumption for underrepresented groups.


To this effect, Stanford University researchers developed an algorithm named the Multiaccuracy Boost, which is programmed to maximize not only overall accuracy, but also the highest accuracy for each subpopulation.10 The algorithm breaks the data down into different identity categories and subpopulations and performs an audit on the functioning of other algorithms to determine whether the outcomes satisfy a strong notion of subgroup fairness. The multiaccuracy principle at the heart of the algorithm looks for bias not just with regard to each protected identity, such as race and gender, but also populations defined by the intersections of race, gender, and other identity markers. In initial experiments, this audit algorithm has been successful in also improving the overall accuracy, by identifying subpopulations where the initial models systematically erred. The Multiaccuracy Boost algorithm demonstrates how data science is moving to automate decision-making that can be simultaneously tasked with achieving competing goals: accuracy and equality. It’s not an easy task—tensions persist and these advancements are still nascent—but the direction is promising.


Our brains work in schemas too. Associations like those connected with different types of names mirror the biases we have in daily life. Perhaps you’ve heard of or have taken the Implicit Association Test (IAT). Every year, I ask my law students to take that test, and every year, they are shocked to discover their own implicit biases. The IAT demonstrates differences in response times when subjects are asked to pair certain words. Our human brains are machines limited in speed; whether we are Black or white Americans, the test finds that our small human brain machines are faster at associating names like Greg and Emily with words like “happy” and “good,” for example, and names like Jamal and Lakisha with words like “hate” and “bad” than vice versa. Compared with male names, female names are more often associated with family words than with career words. Female words are also more often associated with the arts than with the sciences. Younger people are associated with more pleasant words than old people.


For us humans, decision-making is not only prone to these kinds of identity-based stereotypes, but also muddled by our limited computing capacities, limited information, and all sorts of cognitive biases, such as discounting future or unlikely risks, overconfidence, and overreliance on one type of information. Machines are not prone to such irrationalities. In many contexts, computer models are already consistently superior to human decision-making. Machines are increasingly outperforming people even in situations where they are given limited information. Algorithms have so much information about us—and the power to process all this information together—that they stand poised to supersede much of what we humans do.


These differences between machines and humans are equal parts promising and concerning. Yet often, we’re all too quick to discount the promise of technology and amplify the fear. It’s understandable: most of us cannot understand the inner workings of an algorithm. Even an algorithm’s programmers are often unable to decipher its internal processes. Researchers at the University of Pennsylvania’s Wharton School have documented what they call algorithm aversion. They find that people become more skeptical of algorithms after they see them outperform humans. In controlled experiments, people were less likely to prefer using an algorithm after they witnessed it being more accurate than humans. Ironically, it’s a very human reaction to a very human limitation.


Against Blindness


Just as debiasing with humans is unlikely to occur simply by blinding us to color or gender, simply removing associations between certain words in word embedding (“homemaker” and “female,” for example) is unlikely to do more than scratch the surface of algorithmic bias. Part of the reason we don’t want to remove associations or identity markers is that we usually want more rather than less information in order to fight long-standing disparities. A consensus is emerging among computer scientists that if the goal is to promote equality and fairness, then it is better to direct an algorithm’s outputs than to restrict its inputs. This shift away from restricting input to examining output is termed by computer scientists the principle of fairness through awareness: in order to make fair predictions, a (trustworthy) algorithm should be given protected data, such as race and gender markers.11 This shift is important both because of the difficulty of effectively restricting inputs and because of the benefits—for both accuracy and equality—of having full information, including identity markers, inputted into the system. Indeed, even if explicit references to identity markers are removed—for example, an algorithm sorting through financial data is instructed not to input each individual’s gender—the algorithm is likely to be able to identify those markers. In other words, cleaning a data set of direct identity markers—gender, race, religion, sexual orientation, national origin, age, and so on—does not mean that the algorithm will be free of these identities. Identity is pervasive within data in numerous indirect ways. Algorithms learn about our identities through proxies, connections, and patterns in the data. For example, Facebook’s algorithm can easily ascertain your gender just by your “likes”; associations are meaningful to the algorithms in ways that humans would not necessarily be able to detect.


Even how we write and speak has gender differences. For instance, when psychologists analyze large bodies of text by male and female authors, they find that women use “I” words (“I,” “me,” and “my”) more often than men. Men use more nouns and women use more verbs. A zip code by itself is often a predictor of race. And if someone owns a specific kind of car, subscribes to a particular app or set of apps, owns a particular type of dog, and lives in a certain neighborhood, the algorithm can—with near certainty—identify that this individual is gay. So even when identity markers don’t appear as part of the data, if they are encoded in other attributes, aligning with occupation, geography, lifestyle choices, or social class, then the computer will detect them. As Harvard University computer scientist Cynthia Dwork described it to me, you simply cannot hide the identity of a person because our identities are “holographically embedded” in the data. The fact that I am a woman ripples throughout the millions of data points in any and all information collected about me. AI sees patterns in vast amounts of data.


By their very nature, algorithms are opaque, in the sense that even if you know how to read code, you still wouldn’t be able to know what an algorithm will do without putting it into action—the oft-cited black box problem. Alan Turing, the father of modern computer science, said that a key feature of a learning machine is that the human “teacher” is largely ignorant of what is going on inside the “pupil”—the machine. This feature is becoming more and more true about algorithms. Even their designers cannot fully comprehend the processes that happen in the more sophisticated algorithms. Once an algorithm has begun to learn, it’s very difficult to completely remove information from its “memory.”


But there’s another reason we don’t want to be identity blind, one that runs deeper than the challenge of achieving said blindness itself. To identify and counter inequities, algorithms—and humans—need to actively consider identities. Restricting inputs makes it more difficult to detect and correct biases. For example, if an algorithm is not allowed to learn that society gives men higher rewards for equal work, it will be difficult to correct those biases in practice. The newer approach preferred by experts in the field, therefore, is to define fairness in relation to outcomes, not inputs.


Here, it is worth pausing for a moment and asking what we mean when we talk about equality, which in and of itself is a far more complicated concept than first meets the eye. Do we mean identity blindness—as in rejecting any consideration of one’s gender, race, or other social identity markers? Do we mean statistical parity—that different identities will be proportionately represented in various outcomes, such as being selected for jobs, ads, or credit? Do we mean that the algorithm will be equally accurate (or inaccurate) in its predictions about any identity group? Do we mean that we take into account differences and accommodate people’s diverging preferences, backgrounds, and abilities? What happens if there is a tension between equality and accuracy? What if an algorithm could achieve perfect accuracy in predicting success in school or at work, and this prediction showed that certain groups were more apt for a given task? To achieve meaningful equality, is it enough to treat everyone equally or should we do more to promote more vulnerable groups or groups that have been historically discriminated against? These are tough questions, and they aren’t new; we’ve been debating the meaning of equality for a long time. As we shall see, these questions will be answered differently in different contexts. Technology challenges us to articulate what we are really trying to achieve as we search for the answers. We can uncover and learn more about the sources of disparity using new computing power, but we can also direct algorithms in more fine-tuned ways to determine what we want an equality machine to look like.


The Learning Environment


Take the example of using risk assessment software in the criminal justice system, a subject that has been heatedly debated. Algorithms are regularly used in decisions about bail, bond amounts, sentencing, and early release from prison. The controversy around one leading software tool, Correctional Offender Management Profiling for Alternative Sanctions (COMPAS), centers on the algorithms’ ability to make these life-altering decisions generally. There are particular concerns about algorithmic bias against people of color. Earlier studies on the software found that certain algorithms charged with flagging who is likely to reoffend are inherently flawed, labeling Black defendants as future criminals twice as often as white defendants and frequently mislabeling white defendants as “low risk.” One high-profile, much-cited study from 2018 found that COMPAS is no more accurate than predictions by people with no criminal justice expertise. The study looked at 400 online participants on Amazon’s Mechanical Turk who crowdsourced short descriptions of real defendants from a publicly available COMPAS data set. The participants were asked to predict whether the defendants were likely to commit a crime in the future. The study found that the overall accuracy of the lay humans was 62 percent, compared to the 65 percent accuracy of algorithmic COMPAS predictions.12 More recent studies do question these findings, however: one from 2020 argues that the first research wasn’t a good reflection of human judgment in the real world, and that the first study’s experimental setting focused participants’ attention on the most predictive factors and gave them feedback along the way, artificially boosting their results.13 In each of the fifty rounds, participants made a prediction, were informed whether the prediction was correct—that is, received immediate feedback—and then received the next scenario.


The researchers explain why, in the lab setting, humans seem to do as well as the computer: “This created a ‘kind’ environment, one shown to be ideal for humans to intuitively learn the probabilities of specific outcomes, even when the rules are not transparent. Kind environments can promote accuracy, unlike the ‘wicked’ learning environments that characterize most justice settings, where outcomes cannot be observed immediately or are never observed at all.” In other words, humans perform relatively well when information is limited and streamlined, but the more abundant or contextualized the information, the less humans are able to process it in the way that algorithms can. Similar conclusions are now being shown in a myriad of contexts, from hiring decisions to salary setting, to credit and loans, to sentencing and bail.


In the 2020 study, researchers created conditions that are more reflective of the information presented to judges in their decision-making process: pre-sentencing investigation reports, attorney and victim impact statements, and an individual’s demeanor, which all add complex, inconsistent, risk-irrelevant, and potentially biasing information (for example, someone who “has a serious drinking problem that interferes with work”). The study showed that when both humans and the algorithm are provided with more complex or otherwise “noisy” risk information, the algorithm fares far better. Or, to put it conversely, participants performed consistently worse than the algorithmic model.


The potential for (in)accuracy in this context, of course, has major equality implications. Another study shows that if we program algorithms to release from pretrial detention all but the highest-risk people, Black and Hispanic people would benefit the most by far because of the vast inequities in the criminal justice system. Again, when we think about how to increase equality in historically unequal systems, we don’t necessarily want to be identity blind. For example, women generally have lower rates of recidivism. So when we are predicting the risk of reoffending, if we blind the algorithm to gender and merely feed it all the other risk factors, women end up penalized: female defendants would be released at the same rates as male defendants even though they in fact present less future risk. That’s why criminal law scholars now believe that risk assessment algorithms used in the criminal justice system should explicitly take gender into account, because otherwise women would be penalized by the algorithms’ overestimation of their recidivism rates.14 The Wisconsin Supreme Court recently held that the use of gender within the COMPAS risk assessment tool does not violate due process because using gender improves accuracy. The court reasoned that “if the inclusion of gender promotes accuracy, it serves the interests of institutions and defendants, rather than a discriminatory purpose.”15


If current technologies’ accuracy can be improved and racial bias reduced through technology, the tragic use of needless and uneven police force and incarceration could be reduced. As racial bias in our criminal justice system becomes all the more apparent, we should focus on comparative advantage and more consistent, reliable, and accurate ways to tackle systemic injustices. In connection with automating bail, sentencing, and early release, legal scholar Colleen Chien has shown the immense potential of automating “clean slate” initiatives—using digitization and algorithms to automatically clear eligible criminal records in accordance with second-chance laws designed to help Americans who were arrested or convicted to expunge their records and regain their footing in the labor market and society. Chien analyzed around 60,000 criminal histories of persons seeking work and concluded that at least 20 to 30 million American adults, or 30–40 percent of those with criminal records, suffer from what she terms “second chance expungement gap”—in part because of overburdened agencies, in part because of “dirty data” (missing criminal justice information) and costly processes. Automation can significantly improve the current inefficient and unfair system, which affects millions of (disproportionately poor and vulnerable) Americans.


Despite all the sensationalized negative publicity on automation and its potential for bias, California has been leading the way in introducing AI in its criminal justice system. In 2019, the San Francisco district attorney, in collaboration with the Stanford Computational Policy Lab, introduced software that scrubs to neutral any wording in police reports that has a racial connotation. The prosecutor then sees the case in a blinded way: the algorithm not only removes the mention of race but also removes physical descriptions, names of witnesses, names of police officers, and geographical signals that could give clues about race.


In some ways, nothing about using statistical correlations and making predictions based on these patterns is new. Scientific inquiry, medicine, marketing, and policy have all been grounded in forecasting the future based on the past. What we are learning about introducing automation into processes is that when we increase the capabilities of predictive systems, some people may be harmed, be it through inaccuracy or accuracy. Algorithms should not perpetuate historical discrimination, but also we cannot expect them to solve all our past wrongs with a wave of a magic wand. Technology is not a silver bullet, but it does move the needle. It can elevate fair outcomes. It shifts dynamics. It takes long-standing, sticky problems out of the mud. And it can lower costs, increase the size of the pie, and accelerate the pace of progress.


Malice or Competence: What We Fear


For all the talk about the possibilities of AI and robotics, we’re really only at the embryonic stage of our grand machine-human integration. And AI means different things in different conversations. The most common use refers to machine learning—using statistical models to analyze large quantities of data. The next step from basic machine learning, referred to as deep learning, uses a multilayered architecture of networks, making connections and modeling patterns across data sets. AI can be understood as any machine—defined for our purposes as hardware running digital software—that mimics human behavior (i.e., human reactions). It makes decisions and judgments based on learning derived from data inputs and can mimic our senses, such as vision. The attempt to create more and more advanced AI is the attempt to mimic our human brain and human cognitive abilities—as well as our human emotional and instinctive powers. Robotics, in the mechanical sense, is trying to simulate our physical bodies; put together, the software and hardware of tomorrow’s technologies aspire to offer the complete package: mind, body, senses, and perhaps even heart and soul.


Today, there are computer programs that simulate human decision-making and algorithms that dynamically learn from data to perform specific tasks once performed exclusively by people. Algorithms mine data about the past to predict outcomes in the future. But at this point, there is not yet a general AI—that is, a hypothetical (or future) machine that can do any intellectual task humans can. Maybe one day there will be an artificial intelligence explosion, a tipping point when a powerful superintelligence will surpass human intelligence to the point that humans lose control over technological advancements. This possibility is known as the singularity hypothesis. Whether or not this comes to pass and whatever it may look like, it is highly likely that the human-machine entanglement will only become deeper, that the integration of robots will only become greater. We can already say that automation is reshaping how we work and live. At the same time, we are just beginning to create truly smart machines. Our algorithms are good at pattern recognition, but they do not yet think for themselves; we are nowhere close to that point. As Stanford University professor Fei-Fei Li said in her testimony to the U.S. Congress about the state of AI, “There’s nothing artificial about AI. It’s inspired by people, and most importantly it impacts people.”16


In 1950, Alan Turing asked whether it would be possible one day to create a computer with consciousness. To describe consciousness, Turing listed what he believed to capture the essence of humans: “Be kind, resourceful, beautiful, friendly, have initiative, have a sense of humour, tell right from wrong, make mistakes, fall in love, enjoy strawberries and cream, make someone fall in love with it, learn from experience.”17 Turing didn’t quite answer his own question. Rather, he said that what matters is what we will perceive the machine to be able to do. Hence, he suggested the famous Turing test: Is a machine capable of exhibiting intelligence in a way such that we are unable to distinguish it from a human being? As of yet, what we call “artificial intelligence” is not sentient, and in a basic sense it is not yet artificial nor intelligent. AI tools are human-made tools that help us humans understand and direct the complexity of our world.


The fears surrounding AI oscillate between its nascent reality and its omnipotent future. Thought leaders and industry moguls from Stephen Hawking to Elon Musk have warned that at a critical moment when AI becomes independent, the human race should be quite concerned about its own survival. Hawking wrote, “The real risk with AI isn’t malice but competence. A superintelligent AI will be extremely good at accomplishing its goals, and if those goals aren’t aligned with ours, we’re in trouble.” He worried that once humans develop full AI, it will take off on its own and redesign itself without human control. Elon Musk has warned that AI may become a “fundamental risk to the existence of human civilization.”18 The thought experiment goes like this: What if we told a robot to maximize the number of paper clips it produces or the number of strawberry fields it plants? You can imagine how humans could quickly become an obstacle for the robot to overcome in its quest for more paper clips or strawberries: ingenious and singularly focused on the task at hand, the robot will appropriate any and all resources to maximize its paper clip production or strawberry growing bar none, removing any obstacle (read: humans) in its way.19


The fear of robots gone rogue is ingrained throughout our collective imaginations of automation and machines: that superintelligent creatures will thwart humanity just as humans have thwarted many a species before. In reality, we are just at the beginning of directing our technology toward real autonomy. At the moment, what we fear is incompetence more than competence, and to that end, we need to focus on improving our systems. This also means that now is the time for a call to action to consider the direction in which our technologies are moving. It means that we have to be proactive in identifying opportunities and goals. In his book The Master Algorithm, machine learning expert Pedro Domingos put it bluntly: “People worry that computers will get too smart and take over the world, but the real problem is that they’re too stupid and they’ve already taken over the world.”20 Being at a nascent stage of the technology—while at the same time knowing that we are heading to a future shaped by increasingly complex digital processes—means that we can act mindfully today to shape tomorrow’s equality machine.


From Countess to Algorithm


Once upon a time, women were pioneers of programming. In the mid-1800s, British mathematician Ada, Countess of Lovelace, created what is now considered the first algorithm for a computer. Ada Lovelace was the daughter of famed poet Lord Byron and mathematician Lady Byron (née Anne Isabella Milbanke, nicknamed Annabella), also known as the “Princess of Parallelograms.” The mathematician mom left the poet dad and set out to teach her daughter rigorously. Annabella instilled a love of math in her daughter, and in her studies Ada came across the work of the famed engineer Charles Babbage, who had invented a giant, gear-filled calculator. In 1833, when she was only seventeen, Ada met Babbage and tried to convince him to collaborate. For a long while Babbage ignored Ada, yet she persisted. Ada took the initiative to translate a scholarly publication about his work from French to English, annotating it to make it twice as long. Babbage was finally impressed. They became collaborators, creating punch cards that would become the basis of machine-automated computation of problem sets.


Ada’s fame as the first programmer has led to some recent tributes. The U.S. Department of Defense named a computer language Ada. Hillary Clinton’s election simulation algorithm was also named Ada. (The polling algorithm proved detrimental to Clinton’s campaign, predicting wins in Wisconsin and Michigan and leading Clinton to put her efforts elsewhere, ultimately losing both states.) But beyond Ada’s lifetime successes and token posthumous eponyms, women and minority programmers have been largely marginalized, and their contributions to the field have too often been rendered invisible. In a secret military project during World War II, six women programmed the first electronic computer. As in so much of history, when the project was revealed to the public in 1946, the women remained unnamed, receiving no credit for their work. Similarly, as depicted in Margot Lee Shetterly’s book Hidden Figures and the Hollywood movie based on it, three Black NASA mathematicians and programmers, Katherine Johnson, Dorothy Vaughan, and Mary Jackson, were pioneers during the space race, only later receiving credit for their contributions. Indeed, software was born a feminine profession, but once the industry boomed, women were sidelined.


Today, as few as 13.5 percent of workers in the machine learning field are female.21 In fact, this imbalance has been getting worse over the past few decades. Men dominate the tech industry as a whole, but even more profoundly and with greater imbalance in the AI field. For example, at Google, men make up 90 percent of the AI research department, and women of color constitute less than 2 percent of the department. Similar imbalances exist at Twitter, Facebook, and Yahoo. In academia, the number of women receiving computer science degrees and pursuing careers in AI is staggeringly low and declining. In 2016, the National Science and Technology Council described the shortage of women and minorities as “one of the most critical and high-priority challenges for computer science and AI.”22 Without people from all backgrounds and identities participating in the field of AI, the field’s trajectory and all that arises from it cannot and will not reflect society as a whole and certainly won’t embody the interests of the more vulnerable.


The digital divide is sourced in power. Women and minorities are underrepresented, yet the technologies that are being produced have universal aspirations. Technology is designed and data is gathered by a concentrated few, but the data is derived from—and the tech is consumed by—people all over the world. Technology can build knowledge and construct reality in a way that appears objective and neutral, all the while concealing underlying exclusions. But being underrepresented and focusing on exclusion can be a vicious cycle.


Inspiration Finds Us Working


As we have seen, the public conversation is replete with stories of algorithms running amok and statistics about the dire imbalance in the fields that are advancing these technologies. But behind the scenes, in research labs, non-profit organizations, and government offices, a robust research community dedicated to ethical technologies has emerged. These are the heroes of the next generation of algorithmic fairness and robotics ethics—AI scientists and activists, researchers and business leaders, many of them women and people of color. This is happening around the globe, and we should celebrate the people on these frontiers. We need to scale their efforts and recognize victories. We need to showcase the emerging fields of algorithmic fairness, ethical robotics, and computational social science. To address problems, it is not enough to flag them without offering solutions. To correct and attack disparities, it is not enough to point them out. It is not enough to advocate for more women and people of color to enter the field without addressing the potential of the field itself to do good and to bring change. These problems—the lack of participation and the lack of celebration of opportunity—are endogenous. We can create virtuous—or, alas, vicious—cycles. As Picasso said, “Inspiration exists, but it must find you working.”


We find ourselves at a crossroads, poised on the precipice of a profound paradigm shift. Let us be inspired by all the positive potential to embrace AI to create a brighter future. Storytelling matters: if all the stories we hear about technology focus on the harm technology poses to the vulnerable, why would anyone want to enter the field to make it better? Storytelling allows us to challenge the problems of the past and imagine a better future. After all, so many technological advances of the past have been foretold by science fiction writers like Isaac Asimov and Ursula K. Le Guin. Asimov and Le Guin both dreamed of a future that is now looking more and more possible. But both worried about the human tendency to limit the imagination to foregone scenarios. Asimov wrote that “it became very common… to picture robots as dangerous devices that invariably destroyed their creators.” He explained his own belief that we need to confront risks constructively: “I could not bring myself to believe that if knowledge presented danger, the solution was ignorance. To me, it always seemed that the solution had to be wisdom. You did not refuse to look at danger, rather you learned how to handle it safely.”23 Shifting the narrative to the opportunities for change can inspire us to rethink technology’s role in promoting equality and equality’s role in technological developments.


So we need to both dissect and dream—to expose the ways that social realities have been unequal and envision an equal existence fueled by an equality machine. Critical discourse should converge around the goal of building avenues for constructive change, not erecting roadblocks. As builders, not blockers, we should strive to develop technologies that enhance our lives and open possibilities. We need to look at what brings us fulfillment and connection, pleasure and well-being, unity and harmony. We also need to look to advancement to cure harms: disease, exploitation, inequality, fear, and exclusion. Imagination is a superpower. To change what is wrong, we need to imagine what a world that is human made, embracing technology for good, can look like. Examples of using AI for such good are all around us. Machine learning shows promise for addressing intractable challenges from poverty to climate change to ocean pollution to global pandemics. The stories of those who have skin in the game—who are doing good and adding diversity, all while doing well in the field—can motivate the next generation to join in.


In debates about the future of technology, I see how scholars are far more willing to accept the role of AI in areas such as medicine, climate studies, and environmental sustainability—which they perceive as more purely scientific—than in other areas such as employment, social justice, domestic violence, and equal pay. This field-bifurcation fallacy can be detrimental. Just as machine learning is a game changer in detection and diagnosis of health and climate issues, it can become a game changer in detection and diagnosis of social challenges. As we shall see in the chapters to come, mathematical models can be used to fight poverty, environmental destruction, climate risks, and viruses just as well as harassment, workplace and wage discrimination, media exclusion, public space representation, design stereotypes, and more. All we have to do is be willing to imagine it and then materialize it.


Both the opportunities and the risks are immense. If computers can measure and predict what we care about more and more accurately, then we can reduce the human biases that have been shaping our markets, our societies, and our homes for centuries. At the same time, the concerns about technology’s path are well-founded. The Terminator trope aside, when technology gives more power to the already powerful and encodes and amplifies decades of inequalities, we risk a far greater evil. As digitization and automation are introduced into every aspect of our lives, the ride has been incredibly—and predictably—bumpy. But we cannot strive toward change if we don’t recognize progress. The use of machine learning algorithms for prediction tasks is often replacing processes traditionally performed by simple statistical analysis. Machine learning dynamically considers many variables, enabling us to predict continuous outputs.


As we enrich our toolkit of detection models and solutions, we become more apt to observe how organizations and communities can emulate best practices and positively use the power of algorithms and digital design. The equality machine is just that—a toolkit and a framework that allows us to approach complex issues and reach positive and equal outcomes using innovative technologies. It’s also a mindset that allows us to rethink uses and designs of technological advances. To improve and build on opportunities, we need more data, increased detection, inclusive design, and diverse participation in the building and oversight of tomorrow’s technologies.


To quote Martin Luther King Jr.: “We are caught in an inescapable network of mutuality, tied in a single garment of destiny. Whatever affects one directly, affects all indirectly.” An equality mindset has enormous potential to shape the technology fields across the board for our collectively brighter future. We have a responsibility to direct the research, collect the data, inform the design, and shape the goals of new technologies in ways that consider their benefits to all. At the heart of our manifesto lies the need for a grounded vision and a critical yet constructive agenda to transform tomorrow’s technologies for equality and empowerment. Our normative paths will be contested and dynamic, but that is true whether we are supporting our goals with technology or not. As we continue to examine different choices—whether in the market, at home, or in government—we must consider when and how the equality machine can address not only the risks of technology but the underlying problems in society itself.
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