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“The math-powered applications powering the data 
economy were based on choices made by fallible 
human beings. Some of these choices were no doubt 
made with the best intentions.” — Cathy O’Neil 

A.I. & Fairness: Beyond Blind Spot Bias?

Bias is the enemy of fairness. Humans 
tend to exhibit an in-group/out-group 
bias that causes them to—consciously or 
unconsciously—favor people who are like 
them over people who are not. This can 
cause unfair discrimination on many 
grounds (e.g., race, sex, age, religion, etc.) in 
many arenas (e.g., employment, housing, 
medical care, criminal justice, etc.). Many 
people and companies have turned to 
artificial intelligence (AI) tools in an 
attempt to improve the speed, efficiency, 
and objectivity of decision-making in 
these and other realms by replacing 
potentially prejudiced human judgment 
with unbiased machine judgment. 

For example, sometime around 2014, 
Amazon began assembling computer 
models to review job applicants’ resumes. 
Unfortunately, the company soon figured 
out that its new program was infected 
with a substantial gender bias. This 
probably should have been foreseeable. 
Amazon trained its models on resumes 
submitted to the company over a 10-year 
period and, unsurprisingly, the large 
majority of those applications came from 
men who held roughly 70% of the tech 

jobs in the industry over that period. The 
model “taught itself that male candidates 
were preferable. It penalized resumes that 
included the word ‘women’s,’ as in 
‘women’s chess club captain.’ And it 
downgraded graduates of two all-women’s 
colleges.” (Dastin). Amazon tried to fix it 
by making the program neutral to these 
terms. However, because Amazon couldn’t 
ensure that the program would not figure 
out another way to similarly discriminate, 
it abandoned the project.  

Google had a similar experience. Its 
engineers tried to teach an AI model what 
a “successful” candidate for a company 
tech job looked like by training it on data 
from Google’s previous hiring decisions. 
Because that body of workers consisted 
disproportionately of male graduates of 
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highly prestigious universities, an 
“invisible bias was baked into the system 
from day one,” (Hyer) replicating past 
mistakes. While Amazon suffered training 
data bias, Google’s system was derailed by 
algorithmic bias. Like Amazon, Google 
abandoned this AI experiment.  

And it’s not just Amazon and Google that 
have been plagued with bias in developing 
and training AI technologies. Miranda 
Bogen of the Center for Democracy and 
Technology reports that “most hiring 
algorithms will drift toward bias by 
default.” Furthermore, she says: 

To attract applicants, many 
employers use algorithmic 
ad platforms and job 

boards to reach the most “relevant” job 
seekers. These systems, which promise 
employers more efficient use of 
recruitment budgets, are often 
…predict[ing] not who will be 
successful in the role, but who is most 
likely to click on that job ad. 

Unfortunately, research seems to indicate 
that generative AI, as embodied in 
ChatGPT and other new tools, is also 
plagued by racial and gender bias. One 
study tested three popular generative AI 
tools, including DALL E 2, and found that 
their “evident gender and racial biases … 
were even more pronounced than the 
status quo….” (Zhou et al). 

Many academics and recruiting firms are 
studying the reasons why AI has not lived 
up to its headlines by dramatically 
decreasing hiring bias. But so far, no 
solutions have emerged to eliminate it. 
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Discussion Questions 

1. Do you think that Amazon and Google acted in good faith? Why or why not? 
 
 

2. Would it change your mind regarding Google’s good faith to learn that a study 
conducted about the same time found that Google Ads – a tool used by third parties 
to find jobs – discovered that “fake Web users believed by Google to be male job 
seekers were much more likely than equivalent female job seekers to be shown a pair 
of ads for high-paying executive jobs when they later visited a news website.” (Datta 
et al.) Explain. 

 
 

3. Hyer, which offers an employment app to connect potential employers with potential 
employees, suggests that firms use AI to do the heavy lifting of processing resumes 
and identifying promising candidates, but require that any final decisions be made by 
humans who keep in mind the potential for bias. Does this sound like a reasonable 
approach to improving hiring practices with AI? Why or why not?  
 

a. Would this work to improve diversity, especially in light of a recent study 
finding that recruiters follow AI recommendations 85% of the time? 
(Alexander). Or would giving humans the final say in a hiring decision simply 
reintroduce all the bias that AI was supposed to eliminate? 

 
 

4. Another firm (JobsPikr) recommends not only human oversight of the decision-
making process, but also (a) utilizing diverse data sets for training AI models, (b) 
regular auditing of algorithms for bias, (c) building transparent AI models so that 
users can understand why they are making the recommendations that they are 
offering, and (d) implementing blind recruitment techniques that anonymize 
candidates’ race, gender, and the like. (Alexander). Do these seems like sensible steps 
to you? Would they be adequate? Explain your reasoning. 
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5. The Algorithmic Justice League’s Joy Buolamwini encourages companies creating AI 
tools in the hiring space to increase transparency by opening up the “black box” of 
how AI models are created so that their algorithms, data, and results can be audited 
for accuracy. Does this sound like a feasible idea? Why or why not? 

 
 

6. Ethicists point out that tinkering with an algorithm in order to reduce its bias often 
also reduces its accuracy. How are firms to choose how best to balance those two 
important features of any AI model? 

 
 

7. One multinational study (Vlasceanu & Amodio) found that greater national-level 
gender inequality was associated with more male-dominated Google image search 
results. The study also found that such biased search outputs guided the formation of 
gender-biased prototypes and influenced hiring decisions, creating “a cycle of bias 
propagation between society, AI, and users.” Is this worrisome? Why or why not? 
How might such a cycle of bias be reformed?  

 
 

8. In 2019, Google rolled out a new AI tool it called Bert. When prompted to consider 
100 words in English (like “baby,” “horses,” and “money”) it associated 99 of them 
more with men than with women. Only “mom” was identified with women. 
Professor Emily Bender remarked: “Even the people building these systems don’t 
understand how they are behaving.” How can those who conceive, build, and market 
new AI models best guard against bias? 

 
 

9. Have you heard about the AI programs that are very competent at identifying 
pictures of white males, but not nearly as accurate at identifying pictures of dark-
skinned people, particularly women? Does this sound like a problem? Why or why 
not? How should the criminal legal system, which obviously would love an effective 
AI tool to identify criminals, react to this bias in facial recognition tools? 
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