
 
 

 

Algorithmic Bias  
 

 

Artificial intelligence plays an increasingly pervasive role in society: it determines credit scores, 

whether an individual receives a loan, how many police officers patrol a neighborhood, and 

much more.i A central component of an artificial intelligence system is the algorithm, a step-by-

step procedure that enables a computer to perform calculation, data processing, and automated 

reasoning tasks.ii Today, most applications of artificial intelligence are based on deep learning 

algorithms,iii with which computers can find and amplify patterns from vast amounts of data and 

produce predictions that inform future algorithmic decisions.iv   

 

Flawed Data Produce Algorithmic Bias 

 

In spite of significant advances in artificial intelligence, a growing body of research indicates that 

algorithms are capable of amplifying real-world biases. Algorithmic bias can be caused by 

multiple factors and during various stages of the deep learning process, but one particularly 

concerning factor is the use of training data that are unrepresentative of the United States 

population and training data that reflect historical inequalities.v   

 

The harm produced by the use of unrepresentative data is illustrated in the case of facial 

recognition technology. In an MIT Media Lab study, computer systems using facial images to 

recognize skin color and gender could correctly classify light-skinned men 99% of the time, but 

could only correctly classify dark-skinned women as little as 65% of the time.vi According to the 

researchers, the root of this problem is existing benchmark data sets, which tend to 

overrepresent light-skinned men and underrepresent darker-skinned people in general.vii For 

example, the Labeled Faces in the Wild (LFW) data set, which is composed of celebrity faces 

and has served as a gold standard benchmark for facial recognition technology, was estimated 

to be 77.5% male and 83.5% white.viii If facial recognition systems are trained on data sets that 

fail to reflect the entire population, such as the LFW data set, then algorithmic learning will be 

skewed toward those specific characteristics.    

 

In addition, the use of data reflecting historical inequalities can lead to the perpetuation of 

prejudice against marginalized groups. For instance, Amazon’s now-discontinued recruiting 

algorithm extracted data from resumes submitted to the company over a ten-year period.ix The 

algorithm was programmed to recognize word patterns in the resumes, which were submitted 

predominantly by white men and compared to the company’s majority-male engineering 

department. The focus on word patterns, rather than relevant skill sets, contributed to the 

penalization of resumes that contained the word “women’s” and the downgrading of resumes 

submitted by women who had attended women’s colleges.x By hurting female applicants’ 

chances of being hired, the recruiting algorithm solidified gender bias at a company whose 

 

 



 

 

global gender balance, as of December 2018, is 58.3% male and where men hold 73.2% of 

managerial roles.xi  

 

Impact on Communities of Color 

 

As algorithmic decision-making becomes increasingly ubiquitous, there is more and more 

evidence that algorithms can perpetuate negative stereotypes about communities of color. For 

example, typing “Asian girls” or “Latina girls” into a Google search bar leads to countless search 

results and images that fetishize and sexualize women from these racial backgrounds.xii In 

addition, a software engineer discovered in 2015 that Google Photos’ image recognition 

algorithms were classifying his African American friends as “gorillas.”xiii 

 

Other forms of algorithmic bias are more overtly malicious, such as the case of facial recognition 

technology. Building on the MIT Media Lab study’s findings, a study released by the National 

Institute of Standards and Technology (NIST) in December 2019 revealed higher rates of false 

positives for people of color when NIST researchers tested 189 different facial recognition 

algorithms’ abilities to match a photo of a person to another photo of the same person in a 

database (“one-to-one” matching) and to determine whether the person in a photo has any 

matches in a database (“one-to-many” matching).xiv Higher error rates could put individuals at a 

higher risk of experiencing data security breaches and/or being falsely accused of a crime. The 

researchers ultimately suggested that there is a link between an algorithm’s performance and 

the data on which it was trained, identifying “more diverse training data” as one of several 

factors that “may prove effective at mitigating demographic differentials with respect to false 

positives.”xv 

 

Algorithmic bias also impacts health care. Publicly available medical data sets tend to 

overrepresent white men, especially in the United States.xvi In the study of human genomics, 

which examines the structure, function, evolution, and mapping of human genomes, a 2016 

meta-analysis of 2,511 studies from across the world found that 81% of participants in genome- 

mapping studies were of European descent – meaning that researchers who download publicly-

available data to study disease are far less likely to use the genomic data of people of African, 

Asian, Hispanic, or Middle Eastern descent.xvii In this application, algorithmic bias “can lead to 

the recapitulation of longstanding health disparities” for people of color.xviii  

 

In light of these examples of biased algorithmic decision-making, it is crucial that internet-based 

companies disclose how their algorithms process personal data, invest in implicit bias and 

diversity trainings for their employees, and implement other internal policies that promote 

transparency and equity. Without such measures, applications of artificial intelligence that are 

based on flawed data will continue to disproportionately harm communities of color. 
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