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In 2018, Amazon discontinued an experimental hiring tool after discovering it systematically

downgraded resumes containing the word women's and penalized graduates of all-women's

colleges. The tool had been trained on a decade of the company's own hiring decisions, a dataset that

reflected the male-dominated composition of the tech workforce rather than any objective

assessment of candidate quality. This case illustrates a fundamental problem in automated

decision-making systems: a model trained on biased historical data does not learn to evaluate

candidates; it learns to replicate the biases of the humans who made the decisions before it.

How Bias Enters the Training Data
The most direct path for bias to enter a hiring algorithm is through the training data itself. When a

model is trained on historical hiring decisions made by humans who exhibited systematic

preferences for certain types of candidates, the model learns to reproduce those preferences. If male

candidates were historically preferred for technical roles, the model identifies features associated

with male candidates as predictors of success, not because those features correlate with actual job

performance, but because they correlate with the hiring decisions in the training data. The algorithm

is not making a mistake; it is doing exactly what it was designed to do. The mistake is in treating

biased historical outcomes as objective ground truth.

Proxy Variables
A second mechanism is the use of proxy variables: features that do not directly encode a protected

characteristic but correlate with it. Resume features like the name of a university attended, gaps in

employment history, or the absence of certain extracurricular activities may appear neutral but

systematically disadvantage applicants from particular demographic groups. A hiring algorithm that

penalizes non-linear career paths may disproportionately disadvantage women who took time away

from work for caregiving, even if the algorithm never considers gender directly. The discrimination

is real; it is simply one step removed from an obvious cause.

Why Technical Fixes Are Insufficient
The instinct when bias is discovered in an algorithm is to fix it technically: remove the offending

variables, rebalance the training data, add a fairness constraint. These interventions can reduce

specific measured disparities but they do not address the underlying problem. If the definition of a

qualified candidate is itself derived from a biased history of hiring decisions, then a model trained to

predict that definition will reproduce the bias regardless of which variables are included or



excluded. Technical debiasing works at the level of the model; the problem is at the level of what

the model is being asked to predict.

Conclusion
Algorithmic bias in hiring software is not a bug that can be patched; it is a structural consequence of

training models on historical data that encodes systematic human prejudice. Addressing it requires

not just technical intervention but a rethinking of what these systems are being asked to optimize

for. A model that predicts which candidates resemble past successful hires will reproduce whatever

biases shaped those past decisions. The more fundamental question is whether algorithmic hiring

tools, as currently designed, can make fair decisions at all, or whether they should be subject to

regulatory constraints that treat them as the decision-making systems they functionally are.
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