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Amazon scraps secret AI recruiting tool that showed bias against women.

“Everyone wanted this holy grail. They literally wanted it to be an engine where I’m going 
to give you 100 resumes, it will spit out the top five, and we’ll hire those.” 

The system was not gender neutral:  
it penalized resumes that included  
the word “women’s”. 

AI system was trained on resumes  
submitted over 10 years.

Reuters, Oct 10, 2018 
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Buolamwini & Gebru (PMLR 2018) tested 3 general-
purpose commercial facial-analysis systems. 
• All performed better on male faces than female faces  

(8.1% − 20.6% difference in error rate)  
• All performed better on lighter faces than darker faces  

(11.8% − 19.2% difference in error rate)  
• All performed worst on darker female faces  

(20.8% − 34.7% error rate) 

Facial recognition performs better at detecting men than women— 
and at detecting light-skinned people than dark-skinned people.
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Buolamwini & Gebru, PMLR 2018  

Gender Shades

type diversity to the dataset, we chose parlia-
mentarians from African and European coun-
tries. Fig. 2 shows an approximated distribu-
tion of average skin types around the world. As
seen in the map, African countries typically have
darker-skinned individuals whereas Nordic coun-
tries tend to have lighter-skinned citizens. Col-
onization and migration patterns nonetheless in-
fluence the phenotypic distribution of skin type
and not all Africans are darker-skinned. Simi-
larly, not all citizens of Nordic countries can be
classified as lighter-skinned.
The specific African and European countries

were selected based on their ranking for gen-
der parity as assessed by the Inter Parliamen-
tary Union (Inter Parliamentary Union Rank-
ing). Of all the countries in the world, Rwanda
has the highest proportion of women in parlia-
ment. Nordic countries were also well represented
in the top 10 nations. Given the gender parity
and prevalence of lighter skin in the region, Ice-
land, Finland, and Sweden were chosen. To bal-
ance for darker skin, the next two highest-ranking
African nations, Senegal and South Africa, were
also added.
Table 1 compares image characteristics of PPB

with IJB-A and Adience. PPB is highly con-
strained since it is composed of o�cial profile
photos of parliamentarians. These profile photos
are taken under conditions with cooperative sub-
jects where pose is relatively fixed, illumination is
constant, and expressions are neutral or smiling.
Conversely, the images in the IJB-A and Adi-
ence benchmarks are unconstrained and subject
pose, illumination, and expression by construc-
tion have more variation.

3.4. Intersectional Labeling Methodology

Skin Type Labels. We chose the Fitzpatrick
six-point labeling system to determine skin type
labels given its scientific origins. Dermatologists
use this scale as the gold standard for skin classi-
fication and determining risk for skin cancer (TB,
1988).
The six-point Fitzpatrick classification system

which labels skin as Type I to Type VI is skewed
towards lighter skin and has three categories that
can be applied to people perceived as White (Fig-
ure 2). Yet when it comes to fully representing
the sepia spectrum that characterizes the rest of

PPB
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Adience
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Figure 3: The percentage of darker female,
lighter female, darker male, and lighter
male subjects in PPB, IJB-A and Adi-
ence. Only 4.4% of subjects in Adience
are darker-skinned and female in com-
parison to 21.3% in PPB.

the world, the categorizations are fairly coarse.
Nonetheless, the scale provides a scientifically
based starting point for auditing algorithms and
datasets by skin type.

Gender Labels. All evaluated companies
provided a “gender classification” feature that
uses the binary sex labels of female and male.
This reductionist view of gender does not ade-
quately capture the complexities of gender or ad-
dress transgender identities. The companies pro-
vide no documentation to clarify if their gender
classification systems which provide sex labels are
classifying gender identity or biological sex. To
label the PPB data, we use female and male la-
bels to indicate subjects perceived as women or
men respectively.

Labeling Process. For existing benchmarks,
one author labeled each image with one of six
Fitzpatrick skin types and provided gender an-
notations for the IJB-A dataset. The Adience
benchmark was already annotated for gender.
These preliminary skin type annotations on ex-
isting datasets were used to determine if a new
benchmark was needed.

More annotation resources were used to label
PPB. For the new parliamentarian benchmark,
3 annotators including the authors provided gen-
der and Fitzpatrick labels. A board-certified sur-
gical dermatologist provided the definitive labels
for the Fitzpatrick skin type. Gender labels were
determined based on the name of the parliamen-
tarian, gendered title, prefixes such as Mr or Ms,
and the appearance of the photo.

6

Facial recognition performs better at detecting men than women— 
and at detecting light-skinned people than dark-skinned people.
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spooky? spooky!
   
@jackyalcine

he/him/his  vegan 
jacky.wtf 
jacky.wtf/youtube +
jacky.wtf/twitch  please
eat less animals. support
your friends.

ayo@jacky.wtf
v2.jacky.wtf
Joined June 2009
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spooky? spooky!     
@jackyalcine

Google Photos, y'all fucked up. My friend's 
not a gorilla.

6:22 pm - 28 Jun 2015

Follow 

  233   3.4K  2.7K

spooky? spooky!     @jackyalcine · 28 Jun 2015
Replying to @jackyalcine
Fuck, the only thing under this tag is my friend and I being tagged as a gorilla. 
What the fuck? -__



  9   18  57

spooky? spooky!     @jackyalcine · 28 Jun 2015
What kind of sample image data you collected that would result in this son?



  3   22  57

spooky? spooky!     @jackyalcine · 28 Jun 2015
And it's only photos I have with her it's doing this with (results truncated b/c 



2015 tweet by Jacky Alciné, user of Google photos 

Wired (01.11.2018) reports:  
Google censored “gorilla” from searches and image tags.  

“Chimp,” “chimpanzee,” and “monkey” were similarly blocked.
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Semantics derived automatically from language corpora 
contain human-like biases.

Implicit Association Task: Measures 
unconscious bias. Concepts that 
are associated are easier to pair 
and reaction times are 
comparatively faster (Greenwald, 
McGhee, & Schwartz,1998)

Examples of findings: 
— Flowers are more pleasant than insects. 
— Musical instruments are more pleasant than weapons. 
— Men are associated with work, math, and science, and 
women with family and the arts. 

Caliskan, Bryson & Narayanan 
(Science, 2017) analyzed 840 billion 
words—from tweets, the US 
Declaration of Independence, Reddit 
threads, and many other sources. 
They found the same biases using 
word embeddings alone.
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Caliskan, Bryson & Narayanan (Science, 2017)
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Human culture as expressed in text is sufficient signal for AI to learn 
regularities about human society and experience. 

AI trained by machine learning on culture will inherit our biases.

Caliskan, Bryson & Narayanan (Science, 2017)
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“Like all technologies before it, artificial intelligence will reflect 
the values of its creators. So inclusivity matters — from who 
designs it to who sits on the company boards and which 
ethical perspectives are included.” — Kate Crawford, 2016

“AI is a feminist issue.”  
“Progress in fairness is not a simple matter of neutrality that falls out of machine 
intelligence. Progress must be achieved through explicit effort.” 
—Joanna Bryson, 2017 

“Over-representation of men in the design of these 
technologies could quietly undo decades of advances in 
gender equality” —Susan Leavy, 2018  
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Share of bachelor's degrees earned by women in the US. 
Source: NCES 

Wired 08.17.2018

Percent of men and women who contributed work to 
three leading machine learning conferences in 2017. 

Source: Element AI
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What we are doing at Bath:
UKRI Centre for Doctoral Training in Accountable, 
Responsible and Transparent Artificial Intelligence (ART-AI) 

Research Topics: 
Algorithms, ethics, 
public policy, 
transparency, 
safety and trust, 
policy-making with 
and for AI, …

Computer 
science and AI Engineering

Social science

Deepen their AI 
capabilities and widen 
their understanding of how 
to apply AI & how AI 
impacts society

Develop their skills and 
knowledge of AI and its 

applications, opportunities, 
requirements, constraints

Develop their understanding of AI so 
that they can assess applications 

and implications of AI & provide 
informed recommendations, policies 

and guidance
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