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Gender Discrimination in Al: How Machine Learning

Bias is Affecting Women in the Workforce

Nicole Papert

INTRODUCTION WHAT WOULD BIAS LOOK LIKE? Al-POWERED JOB SEARCH

Algorithmsthatjob search sites run on Section 2.3 of “Discriminated by an algorithm: a systematic review of
are not fair. Thereare several studies discrimination and fairness by algorithmic decision-making in the context of L. n k d handshake
revealing that Al tools used in job search HR recruitmentand HR development” provides several relevant definitions for I e 8

applicationsand sites will promote different "objective fairness". The presence of any of these definitions means that there

opportunities depending on the gender of is either implicit or explicit discrimination behind the discrepencies between /‘\
the user. Specifically, men are typically groups. gIaSSdoor 'ndeed

shown more competitive job postings than

women, given that the users have similar
Table 1 Definitions of fairness

skills and qualifications. Inthis poster, | will

closely examine why algorithms utilized for Resi e e CO N CLU Dl N G REMARKS

_ Individual Dwork et al. “Similar” subjects should have “similar” classifications
the job search process may present fairness (2012)
diff v b Group Subjects in protected and unprotected groups have an equal probability _ _ _
ITferently between men and women. fairness of being assigned positive Al-poweredtools usedin HR Recruitment have much to improve upon.
P(? = 1‘(} =1)=P(Y =1|G =0) It is importantto notethatthisissueis universalto machinelearning
Equal Hardtetal.  False-negative rates should be equal algorithmsin general, as any issue we attemptto eliminate bias from by

ot e A [F“(f—{]‘}’—l G=1)=P(Y =0|Y =1,G = 0)
’ ’ using Al will only replicate the lack of objective fairnessin human

Y € {0,1} is a random variable describing, e.g., the recidivism of a subject, Y its estimator and G €
{0, 1}, describes whether a subject is a member of a certain protected group (G = 1) or not (G = 0)

decision-making. However, acknowledging the flaws in machine learning

algorithms will help us improve and tweak the technologyin order to

GENDER BlAS lN Al RECRU'TMENT become betterin the future.

Bias can appear for a couple of reasons. The data collection process could
"""" be undersampling groups of people or utilizing some method otherthan
random sampling. A real-life example isthat machine learning is much less

familiar with any fact that strays away from the white male identity (Lohr).

Another way that bias can emerge is through feedback loops. There are also Citations
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