AI can’t be perfected- structural injustice biases data sets, AI reproduces human prejudice 
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The first thing we must do is carefully scrutinize the arguments underpinning the present use of AI. Some are optimistic that weak AI systems can contribute positively to social justice. Unlike humans, the argument goes, algorithms can avoid biased decision making, thereby achieving a level of neutrality and objectivity that is not humanly possible. A great deal of recent work has critiqued this presumption, including Safiya Noble’s Algorithms of Oppression (2018), Ruha Benjamin’s Race After Technology (2019), Meredith Broussard’s Artificial Unintelligence (2018), Hannah Fry’s Hello World (2018), Virginia Eubanks’s Automating Inequality (2018), Sara Wachter-Boettcher’s Technically Wrong (2017), and Cathy O’Neil’s Weapons of Math Destruction (2016). As these authors emphasize, there is a wealth of empirical evidence showing that the use of AI systems can often replicate historical and contemporary conditions of injustice, rather than alleviate them. In response to these criticisms, practitioners have focused on optimizing the accuracy of AI systems in order to achieve ostensibly objective, neutral decision outcomes. Such optimists concede that algorithmic systems are not neutral at present, but argue that they can be made neutral in the future, ultimately rendering their deployment morally and politically unobjectionable. As IBM Research, one of the many corporate research hubs focused on AI technologies, proclaims: AI bias will explode. But only the unbiased AI will survive. Within five years, the number of biased AI systems and algorithms will increase. But we will deal with them accordingly—coming up with new solutions to control bias in AI and champion AI systems free of it. The emerging computer science subfield of FAT ML (“fairness, accountability and transparency in machine learning”) includes a number of important contributions in this direction—described in an accessible way in two new books: Michael Kearns and Aaron Roth’s The Ethical Algorithm (2019) and Gary Marcus and Ernest Davis’s Rebooting AI: Building Artificial Intelligence We Can Trust (2019). Kearns and Roth, for example, write: We . . . . believe that curtailing algorithmic misbehavior will itself require more and better algorithms—algorithms that can assist regulators, watchdog groups, and other human organizations to monitor and measure the undesirable and unintended effects of machine learning. There are serious limitations, however, to what we might call this quality control approach to algorithmic bias. Algorithmic fairness, as the term is currently used in computer science, often describes a rather limited value or goal, which political philosophers might call “procedural fairness”—that is, the application of the same impartial decision rules and the use of the same kind of data for each individual subject to algorithmic assessments, as opposed to a more “substantive” approach to fairness, which would involve interventions into decision outcomes and their impact on society (rather than decision processes only) in order to render the former more just. Even if code is modified with the aim of securing procedural fairness, however, we are left with the deeper philosophical and political issue of whether neutrality constitutes fairness in background conditions of pervasive inequality and structural injustice. Purportedly neutral solutions in the context of widespread injustice risk further entrenching existing injustices. As many critics have pointed out, even if algorithms themselves achieve some sort of neutrality in themselves, the data that these algorithms learn from is still riddled with prejudice. In short, the data we have—and thus the data that gets fed into the algorithm—is neither the data we need nor the data we deserve. Thus, the cure for algorithmic bias may not be more, or better, algorithms. There may be some machine learning systems that should not be deployed in the first place, no matter how much we can optimize them. For a concrete example, consider the machine learning systems used in predictive policing, whereby historical crime rate data is fed into algorithms in order to predict future geographic distributions of crime. The algorithms flag certain neighborhoods as prone to violent crime. On that basis, police departments make decisions about where to send their officers and how to allocate resources. While the concept of predictive policing is worrisome for a number of reasons, one common defense of the practice is that AI systems are uniquely “neutral” and “objective,” compared to their human counterparts. On the face of it, it might seem preferable to take decision making power out of the hands of biased police departments and police officers. But what if the data itself is biased, so that even the “best” algorithm would yield biased results? This is not a hypothetical scenario: predictive policing algorithms are fed historical crime rate data that we know is biased. We know that marginalized communities—in particular black, indigenous, and Latinx communities—have been overpoliced. Given that more crimes are discovered and more arrests are made under conditions of disproportionately high police presence, the associated data is skewed. The problem is one of overrepresentation: particular communities feature disproportionately highly in crime activity data in part because of how (unfairly) closely they have been surveilled, and how inequitably laws have been enforced. It should come as no surprise, then, that these algorithms make predictions that mirror past patterns. This new data is then fed back into the technological model, creating a pernicious feedback loop in which social injustice is not only replicated, but in fact further entrenched. It is also worth noting that the same communities that have been overpoliced have been severely neglected, both intentionally and unintentionally, in many other areas of social and political life. While they are overrepresented in crime rate data sets, they are underrepresented in many other data sets (e.g. those concerning educational achievement). Structural injustice thus yields biased data through a variety of mechanisms—prominently including under- and overrepresentation—and worrisome feedback loops result. Even if the quality control problems associated with an algorithm’s decision rules were resolved, we would be left with a more fundamental problem: these systems would still be learning from and relying on data born out of conditions of pervasive and long-standing injustice.
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