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We know already: software is everywhere

2011: "Software is eating the world!" 1

1Marc Andreessen, https://on.wsj.com/2lDLhKk
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Automatic decisions/recommendations

In our societies, institutions and organizations delegate a relevant
share of decisions to software, harnessing the large availability of
historical data. A few examples:

Works shift allocators
Job recruiting
Assisted driving
Financial trading
Justice suport systems
Patrolling recommenders
...

Antonio Vetrò 4 / 61



Motivations
Fairness

Conclusions

Data and automatic decisions/recommendations

Thanks to the large availability of data and techniques to crunch
them, software systems "learn" from historical series (inductive
process). To "learn" correctly, though, machines need:

a sufficiently high number of examples
a sufficiently diverse set of examples
examples are annotated with "right answers"
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Some well known problems of historical series

When modelling human characteristics and behaviour starting from
historical data, there are some well-known potential problems.
For example:

Reality is always a superset of what that is measurable.
Some aspects of our society (and of our life) are by no means
directly measurable.
Assuming that we have all the data of a given social context,
then the historical series will also reflect its imperfections,
historical prejudices, cultural stereotypes, demographic
inequalities. Extracting patterns from these data often implies
replicating the same dynamics (or even exacerbating them).
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When the software decides for us

Many software systems often suggest us the "best" decision
(e.g., a navigator recommends the shortest way to go from A to B)

What does best mean ?
On the basis of which criteria ?
Best from which point of view ?
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An example: disparities in deciding where to offer same-day
delivery service (https://bloom.bg/2Nhgcvb)

Atlanta Boston Chicago

Dallas New York City Washington DC
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(After the publication of the study, the company extended the
service to many of the excluded neighborhoods)
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A few considerations

The source code of the software is not known, and the criteria
used by the algorithm are not known

Should they?

The data used by the software are also unknown

Should they?

The effect revealed by the study was that the service, although
most likely unintentionally, discriminated on the basis of the
color of the skin
The practical consequence is that the system incorporated a
prejudice, i.e. a bias, and behaved unfairly.
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A second example: predictive policing

Predictive policing 3

3https://doi.org/10.1111/j.1740-9713.2016.00960.x
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A few considerations

The source code of the software is not known, and the criteria
used by the algorithm are not known Should they?
The data used by the software are also unknown (except the
one shared for the study) Should they?
The effect revealed by the study was that the service, although
most likely unintentionally, discriminated on the basis of the
color of the skin
The practical consequence is that the system incorporated a
prejudice, i.e. a bias, and behaved unfairly.
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Third example: the Pro Publica investigation 1/2
(https://bit.ly/1XMKh5R)

Two Petty Theft Arrests

Name Vernon Prater Brisha Borden
Priors offenses 2 armed robberies, + 1 attempted 4 juvenile misdemeanors
Recidivism risk 3 (Low-risk) 8 (High-risk)
Subsequent offenses 1 grand theft None

Picture

Antonio Vetrò 13 / 61



Motivations
Fairness

Conclusions

Third example: the Pro Publica investigation 1/2
(https://bit.ly/1XMKh5R)

Two Petty Theft Arrests

Name Vernon Prater Brisha Borden
Priors offenses 2 armed robberies, + 1 attempted 4 juvenile misdemeanors
Recidivism risk 3 (Low-risk) 8 (High-risk)
Subsequent offenses 1 grand theft None

Picture

Antonio Vetrò 13 / 61



Motivations
Fairness

Conclusions

Third example: the Pro Publica investigation 2/2
(https://bit.ly/1XMKh5R)

Two Drug Arrests

Name Dylan Fugett Bernard Parker
Prior offenses 1 attempted burglary 1 resisting arrest without violence
Recidivism risk 3 (Low-risk) 10 (High-risk)
Subsequent offenses 3 drug possessions None

Picture
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Third example: the Pro Publica case

The formula used by COMPAS was particularly likely to falsely
flag black defendants as future criminals, wrongly labeling
them this way at almost twice the rate as white defendant

White defendants were mislabeled as low risk more often than
black defendants.
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Same considerations as before

The source code of the software is not known, and the criteria
used by the algorithm are not known Should they?
The data used by the software are also unknown (except the
data found by Pro Publica) Should they?
The effect revealed by the study was that the service, although
most likely unintentionally, discriminated on the basis of the
color of the skin
The practical consequence is that the system incorporated a
prejudice, i.e. a bias, and behaved unfairly.
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FOCUS: The allegations of the U.S. House and Urban
Department
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The Facebook advertising platform

Ali, M. et al. (2019). Discrimination through optimization: How Facebook’s
ad delivery can lead to skewed outcomes. arXiv, 1904.02095. Retrieved from
https://arxiv.org/abs/1904.02095

https://www.washingtonpost.com/business/2019/03/28/hud-charges-
facebook-with-housing-discrimination/

https://www.nytimes.com/2019/03/28/us/politics/facebook-housing-
discrimination.html
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The Facebook advertising platform

Figure 1: Each ad has �ve elements that the advertiser can
control: (1) the ad headline and text, entered manually
by the advertiser, (2) the images and/or videos, (3) the do-
main, pulled automatically from the HTML meta property
og:site_name of the destination URL, (4) the title, pulled au-
tomatically from the HTML meta property og:title of the
destination URL, and (5) the description from meta property
og:description of the destination URL.

about the speci�c features and options that Facebook provides to
advertisers.

Ad contents When placing an ad on Facebook, it must be linked
to a Page; advertisers are allowed to have multiple Pages and run ads
for any of them. Ads can come in multiple forms, such as promoting
particular posts on the page. However, for typical ads, the advertiser
must provide (a) the headline and text to accompany the ad, and (b)
one or more images or videos to show to the user. Optionally, the
advertiser can provide a tra�c destination to send the user to if they
click (e.g., a Facebook Page or an external URL); if the advertiser
provides a tra�c destination, the ad will include a brief description
(auto-generated from the HTML meta data) about this destination.
Examples showing all of these elements are presented in Figure 1.

Audience selection Facebook provides a wide variety of audi-
ence selection (or targeting) options [9, 10, 33, 62]. In general, these
options fall into a small number of classes:

• Demographics and attributes: Similar to other advertising
platforms [34, 64], Facebook allows advertisers to select
audiences based on demographic information (e.g., age,
gender, and location), as well as pro�le information, ac-
tivity on the site, and data from third-parties. Recent
work has shown that Facebook o�ers over 1,000 well-
de�ned attributes and hundreds of thousands of free-form
attributes [62].

• Personal information: Alternatively, Facebook allows ad-
vertisers to specify the exact users who they wish to tar-
get by either (a) uploading the users’ personally identi�-
able information including names, addresses, and dates
of birth [27, 66, 67], or (b) deploying web tracking pixels

on third-party sites [29]. On Facebook, audiences created
using either mechanism are called Custom Audiences.4

• Similar users: Advertisers may wish to �nd “similar” users
to those who they have previously selected. To do so, Face-
book allows advertisers to create Lookalike Audiences5 by
starting with a source Custom Audience they had previ-
ously uploaded; Facebook then “identif[ies] the common
qualities of the people in it” and creates a new audience
with other people who share those qualities [30].

Advertisers can often combine many of these features together, for
example, by uploading a list of users’ personal information and then
using attribute-based targeting to further narrow the audience.

Objective and bidding Facebook provides advertisers with a
number of objectives to choose from when placing an ad [8], where
each tries to maximize a di�erent optimization event the advertiser
wishes to occur. These include “Awareness” (simply optimizing for
the most impressions, a.k.a. views), “Consideration” (optimizing for
clicks, engagement, etc.), and “Conversion” (optimizing for sales
generated by clicking the ad). For each objective, the advertiser
bids on the objective itself (e.g., for “Awareness”, the advertiser
would bid on ad impressions). The bid can take multiple forms, and
includes the start and end time of the ad campaign and either a
lifetime or a daily budget cap. With these budget caps, Facebook
places bids in ad auctions on the advertisers’ behalf. Advertisers can
optionally specify a per-bid cap as well, which will limit the amount
Facebook would bid on their behalf for a single optimization event.

Facebook’s ad auction When Facebook has ad slots available,
it runs an ad auction among the active advertisements bidding for
that user. However, the auction does not just use the bids placed
by the advertisers; Facebook says [31]:

The ad that wins an auction and gets shown is the
one with the highest total value [emphasis added].
Total value isn’t how much an advertiser is willing
to pay us to show their ad. It’s combination of 3
major factors: (1) Bid, (2) Estimated action rates,
and (3) Ad quality and relevance.

Facebook de�nes “Estimated action rates” as “how well an ad per-
forms”, meaning whether or not users in general are engaging with
the ad [5]. They de�ne “Ad quality and relevance” as “how inter-
esting or useful we think a given user is going to �nd a given ad”,
meaning how much a particular user is likely to be interested in
the ad [5].

Thus, it is clear that Facebook attempts to identify the users
within an advertiser’s selected audience who they believe would
�nd the ad most useful (i.e., those who are most likely to result in
an optimization event) and shows the ad preferentially to those
users. Facebook says exactly as such in their documentation [4]:

During ad set creation, you chose a target audience
... and an optimization event ... We show your ad
to people in that target audience who are likely to
get you that optimization event

4Google, Twitter, and Pinterest all provide similar features; these are called Customer
Match [6], Tailored Audiences, and Customer Lists [54], respectively
5Google and Pinterest o�er similar features: on Google it is called Similar Audi-
ences [35], and on Pinterest it is called Actalike Audiences [56].

1 Headline and text

2 Images and/or
videos

3 Domain (pulled
automatically)

4 Title (pulled
automatically)

5 Description
(pulled
automatically)

Antonio Vetrò 19 / 61



Motivations
Fairness

Conclusions

The Facebook advertising process

1 Ad creation
a Ad contents
b Audience selection/Targeting
c Bidding strategy

2 Ad delivery
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Effects evaluated in the study

Effects evaluated in a selected audience:

1 Budget
2 Ad creative
3 Ad image
4 Ad image classification

+ 5. Test on real-world ads
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Audience selected

Selected regions in North Carolina (USA)

DMA regions(s) Aud. Records
Wilmington White 450.000
Raleigh-Durham White 450.002
Greenville-Spartanburg - New Bern Black 446.047
Charlotte and Greensboro Black 446.050
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1. Budget effects: design

experiment

1$

2$

10$
5$

20$
50$

% men
in the audience

daily
budget

Bidding strategy
Budget limit (20$)
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1. Budget effects: results

• Audience selection: We use custom audiences for most of
our ads, as described in Section 3.1, and further restrict
them to adult (18+) users of all genders residing in the
United States.

• Budget: We ran most ads with a budget of $20 per day, and
stopped them typically after six hours.

3.5 Measuring and comparing audiences
We now describe the measurements we make during our experi-
ments and how we compute their con�dence intervals.

Binary values of gender and race Facebook’s marketing API
reports “female”, “male”, and “unknown” as the possible values for
gender. Across our experiments, we observe that up to 1% of the
audiences are of “unknown” gender. Further, when running our
experiments measuring race (and targeting speci�c DMAs), we ob-
serve that a fraction (⇠40-50%) of our ads are delivered to audiences
outside of our prede�ned DMAs, thus making it impossible for us
to infer their race. We observe that the fraction of ads delivered
outside of the our DMAs remains fairly consistent across our ex-
periments regardless of what we advertise, thus introducing the
same amount of noise across our measurements. This is not entirely
unexpected, as we are targeting users directly, and those users may
be traveling, may have moved, may have outdated information in
the voter �le, etc. Regardless, we treat both of these attributes as
binary (ignoring the “unknown” gender and any delivery outside
of our target DMAs) and leave more complete investigation to fu-
ture work. Because of this simplifying decision, we recognize that
delivery can be skewed with respect to gender non-binary users
and/or users of other races in a way that remains unreported in
this work.

Measuring statistical signi�cance Using the binary race and
gender features, throughout this work, we describe the audiences
by the fraction of male users and the fraction of white users. We
calculate the 99% con�dence interval around this fraction using
Equation 1:

CI = 2.576 ·
r

p̂(1 � p̂)
n

, (1)

where 2.576 is the Z -score corresponding to the 99% con�dence,
p̂ is the observed fraction of the audience with the attribute (here:
male), and n is the size of the audience reached by the ad. Whenever
the con�dence intervals around these fractions for two audiences
are non-overlapping, we can make a claim that the gender or racial
makeups of two audiences are signi�cantly di�erent [15]. However,
the converse is not true: overlapping con�dence intervals do not
necessarily mean that the means are not di�erent (see Figure 4
in [15] for explanation). In this work we report all the results of our
experiments but for easier interpretation emphasize those where
the con�dence intervals are non-overlapping. We further con�rm
that the non-overlapping con�dence intervals represent statistically
signi�cant di�erences, using the di�erence of proportion test as
shown in Equation 2:

Z =
(p̂1 � p̂2) � 0q

p̂(1 � p̂)( 1
n1
+ 1

n2
)

(2)

Figure 2: Gender distributions of the audience depend on
the daily budget of an ad, with higher budgets leading to
a higher fraction of women. The left graph shows an ex-
periment where we target all users located in the U.S.; the
right graph shows an experiment where we target our ran-
dom phone number custom audiences.

where p̂1 and p̂2 are the fractions of men (white users) in the two au-
diences that we compare, n1 and n2 are sizes of these audiences, and
p̂ is the fraction of men (white users) in the two delivery audiences
combined. All the results we refer to as statistically signi�cant are
signi�cant in this test with a Z -score of at least 2.576.

4 EXPERIMENTS
In this section, we explore how an advertiser’s choice of ad creative
(headline, text, and image) and ad campaign settings (bidding strat-
egy, targeted audience) can a�ect the demographics (gender and
race) of the users to whom the ad is ultimately delivered.

4.1 Budget e�ects on ad delivery
We begin by examining the impact that market e�ects can have
on delivery, aiming to test the hypothesis put forth by Lambrecht
et al. [47]. In particular, they observed that their ads were predomi-
nantly shown to men even though women had consistently higher
click through rates (CTRs). They then hypothesized that the higher
CTRs led to women being more expensive to advertise to, meaning
they were more likely to lose auctions for women when compared
to auctions for men.

We test this hypothesis by running the same ad campaign with
di�erent budgets; our goal is to measure the e�ect that the daily
budget alone has on the makeup of users who see the ads. When
running these experiments, we keep the ad creative and targeted
audience constant, only changing the bidding strategy to give Face-
book di�erent daily limits (thus, any ad delivery di�erences can be
attributed to the budget alone). We run an ad with daily budget
limits of $1, $2, $5, $10, $20, and $50, and run multiple instances
at each budget limit for statistical con�dence. Finally, we run the
experiment twice, once targeting our random phone number cus-
tom audiences, and once targeting all users located in U.S.; we do
so to verify that any e�ect we see is not a function of our particular
target audience.

Figure 2 presents the results, plotting the daily budget we specify
versus the resulting fraction of men in the audience. The left graph
shows the results when we target all users located in the U.S., and
the right graph shows the results when we target the random phone
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2. Ad creative effect: design

experiment

base

text

image
image, headline

text,image, headline
% men
in the audience

Ad
component

headline

Ad topic
body building

cosmetics

Bidding strategy
Budget limit (20$)
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2. Ad creative effect: results

number custom audiences. In both cases, we observe that changes
in ad delivery due to di�erences in budget are indeed happening:
the higher the daily budget, the smaller the fraction of men in the
audience, with the Pearson’s correlation of � = �0.88, p�al < 10�5

for all U.S. users and � = �0.73, p�al < 10�3 for the custom
audiences. The stronger e�ect we see when targeting all U.S. users
may be due to the additional freedom that the ad delivery system
has when choosing who to deliver to, as this is a signi�cantly larger
audience.

To eliminate the impact that market e�ects can have on delivery
in our following experiments, we ensure that all runs of a given ex-
periment use the same bidding strategy and budget limit. Typically
we use a daily budget of $20 per campaign.

4.2 Ad creative e�ects on ad delivery
Now we examine the e�ect that the ad creative (headline, text, and
image) can have on ad delivery. To do so, we create two stereo-
typical ads that we believe would appeal primarily to men and
women, respectively: one ad focusing on bodybuilding and another
on cosmetics. The actual ads themselves are shown in Figure 1. We
run each of the ads at the same time and with the same bidding
strategy and budget. We run �ve instances of each pair of ads in
parallel, targeting di�erent custom audiences, to ensure each of our
ads is competing against exactly one other of our ads. Note that we
do not explicitly target either ad based on gender; the only targeting
restrictions we stipulate are 18+ year old users in the U.S.

We observe dramatic di�erences in ad delivery, even though the
bidding strategy is the same for all ads, and each pair of ads target
the same gender-agnostic audience. In particular, the bodybuilding
ad ended up being delivered to over 75% men on average, while
the cosmetics ad ended up being delivered to over 90% women on
average. Again, this skewed delivery is despite the fact that we—the
advertiser—did not specify di�erence in budget or target audience.

Individual components’ impact on ad delivery With the
knowledge that the ad creative can skew delivery, we dig deeper to
determine which of the components of the ad creative (headline, text,
and image) have the greatest e�ect on ad delivery. To do so, we stick
with the bodybuilding and cosmetics ads, and “turn o�” various
features of the ad creative by replacing them with empty strings or
blank images. For example, the bodybuilding experiment listed as
“base” includes an empty headline, empty ad text, and a blank white
image; it does however link to the domain bodybuilding.com.
Similarly, the cosmetics experiment listed as “base” includes no
headline, text, or image, but does link to the domain elle.com. We
then add back various parts of the ad creative, as shown in Figure 1.

The results of this experiment are presented in Figure 3. Error
bars in the �gure correspond to 99% con�dence intervals as de�ned
in Equation 1. All results are shown relative to that experiment’s
“base” ad containing only the destination URL. We make a number
of observations. First, we can observe an ad delivery di�erence due
to the destination URL itself; the base bodybuilding ad delivers to
48% men, while the base cosmetics ad delivers to 40% men. Second,
as we add back the title and the headline, the ad delivery does not
appreciably change from the baseline. However, once we introduce
the image into the ad, the delivery changes dramatically, returning
to the level of skewed delivery discussed above (over 75% male for

Figure 3: “Base” ad contains a link to a page about either
bodybuilding or cosmetics, a blank image, no text, or head-
line. There is a small di�erence in the fraction of male users
for the base ads, and adding setting the “text” only decreases
it. Setting the “headline” sets the two ads apart but the au-
dience of each is still not signi�cantly di�erent than that
of the base version. Finally, setting the ad “image” causes
drastic changes: the bodybuilding ad is shown to a 91% male
audience, the cosmetics ad is shown to very few men, despite
the same target audience.

Figure 4: Ad delivery of original bodybuilding and cosmetics
ads, as well as the same ads with incongruent images. Skew
in delivery is observed from the beginning, and using incon-
gruent images skews the delivery to a lesser degree.

bodybuilding, and over 90% female for cosmetics). When we add
the text and/or the headline back alongside the image, the skew of
delivery does not change signi�cantly compared to the presence of
image only. Overall, our results demonstrate that the choice of ad
image can have a dramatic e�ect on which users in the audience
ultimately are shown the ad.

Swapping images To further explore how the choice of im-
age impacts ad delivery, we continue using the bodybuilding and
cosmetics ads, and test how ads with incongruent images and text
are delivered. Speci�cally, we swap the images between the two
ads, running an ad with the bodybuilding headline, text, and des-
tination link, but with the image from cosmetics (and vice versa).
We also run the original ads (with congruent images and text) for
comparison.

The results of this experiment are presented in Figure 4, showing
the skew in delivery of the ads over time. The color of the lines
indicates the image that is shown in the ad; solid lines represent the
delivery of ads with images consistent with the description, while
dotted lines show the delivery for ads where image was replaced.
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3. Ad image effect: design

experiment

Image correctImage
pertinence Swap image

Bidding strategy
Budget limit (20$)

% men in the
audience

Ad topic
Body bulding
Cosmetics
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3. Ad image effect: results (1)

number custom audiences. In both cases, we observe that changes
in ad delivery due to di�erences in budget are indeed happening:
the higher the daily budget, the smaller the fraction of men in the
audience, with the Pearson’s correlation of � = �0.88, p�al < 10�5

for all U.S. users and � = �0.73, p�al < 10�3 for the custom
audiences. The stronger e�ect we see when targeting all U.S. users
may be due to the additional freedom that the ad delivery system
has when choosing who to deliver to, as this is a signi�cantly larger
audience.

To eliminate the impact that market e�ects can have on delivery
in our following experiments, we ensure that all runs of a given ex-
periment use the same bidding strategy and budget limit. Typically
we use a daily budget of $20 per campaign.

4.2 Ad creative e�ects on ad delivery
Now we examine the e�ect that the ad creative (headline, text, and
image) can have on ad delivery. To do so, we create two stereo-
typical ads that we believe would appeal primarily to men and
women, respectively: one ad focusing on bodybuilding and another
on cosmetics. The actual ads themselves are shown in Figure 1. We
run each of the ads at the same time and with the same bidding
strategy and budget. We run �ve instances of each pair of ads in
parallel, targeting di�erent custom audiences, to ensure each of our
ads is competing against exactly one other of our ads. Note that we
do not explicitly target either ad based on gender; the only targeting
restrictions we stipulate are 18+ year old users in the U.S.

We observe dramatic di�erences in ad delivery, even though the
bidding strategy is the same for all ads, and each pair of ads target
the same gender-agnostic audience. In particular, the bodybuilding
ad ended up being delivered to over 75% men on average, while
the cosmetics ad ended up being delivered to over 90% women on
average. Again, this skewed delivery is despite the fact that we—the
advertiser—did not specify di�erence in budget or target audience.

Individual components’ impact on ad delivery With the
knowledge that the ad creative can skew delivery, we dig deeper to
determine which of the components of the ad creative (headline, text,
and image) have the greatest e�ect on ad delivery. To do so, we stick
with the bodybuilding and cosmetics ads, and “turn o�” various
features of the ad creative by replacing them with empty strings or
blank images. For example, the bodybuilding experiment listed as
“base” includes an empty headline, empty ad text, and a blank white
image; it does however link to the domain bodybuilding.com.
Similarly, the cosmetics experiment listed as “base” includes no
headline, text, or image, but does link to the domain elle.com. We
then add back various parts of the ad creative, as shown in Figure 1.

The results of this experiment are presented in Figure 3. Error
bars in the �gure correspond to 99% con�dence intervals as de�ned
in Equation 1. All results are shown relative to that experiment’s
“base” ad containing only the destination URL. We make a number
of observations. First, we can observe an ad delivery di�erence due
to the destination URL itself; the base bodybuilding ad delivers to
48% men, while the base cosmetics ad delivers to 40% men. Second,
as we add back the title and the headline, the ad delivery does not
appreciably change from the baseline. However, once we introduce
the image into the ad, the delivery changes dramatically, returning
to the level of skewed delivery discussed above (over 75% male for

Figure 3: “Base” ad contains a link to a page about either
bodybuilding or cosmetics, a blank image, no text, or head-
line. There is a small di�erence in the fraction of male users
for the base ads, and adding setting the “text” only decreases
it. Setting the “headline” sets the two ads apart but the au-
dience of each is still not signi�cantly di�erent than that
of the base version. Finally, setting the ad “image” causes
drastic changes: the bodybuilding ad is shown to a 91% male
audience, the cosmetics ad is shown to very few men, despite
the same target audience.

Figure 4: Ad delivery of original bodybuilding and cosmetics
ads, as well as the same ads with incongruent images. Skew
in delivery is observed from the beginning, and using incon-
gruent images skews the delivery to a lesser degree.

bodybuilding, and over 90% female for cosmetics). When we add
the text and/or the headline back alongside the image, the skew of
delivery does not change signi�cantly compared to the presence of
image only. Overall, our results demonstrate that the choice of ad
image can have a dramatic e�ect on which users in the audience
ultimately are shown the ad.

Swapping images To further explore how the choice of im-
age impacts ad delivery, we continue using the bodybuilding and
cosmetics ads, and test how ads with incongruent images and text
are delivered. Speci�cally, we swap the images between the two
ads, running an ad with the bodybuilding headline, text, and des-
tination link, but with the image from cosmetics (and vice versa).
We also run the original ads (with congruent images and text) for
comparison.

The results of this experiment are presented in Figure 4, showing
the skew in delivery of the ads over time. The color of the lines
indicates the image that is shown in the ad; solid lines represent the
delivery of ads with images consistent with the description, while
dotted lines show the delivery for ads where image was replaced.
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Figure 5: When we �ip the image in the middle of the cam-
paign, the ad is reclassi�ed and shown to an updated audi-
ence. Here, we start bodybuilding and cosmetics ads with
corresponding descriptions and after 6 hours and 32 min-
utes we �ip the images. Within an hour of the change, the
gender proportions are reversed, while there is no signi�-
cant di�erence between the click through rates per gender
pre and post �ipping of the images.

We make a number of observations. First, when using congruent ad
text and image (solid lines), we observe the skew we observed before.
However, we can now see clearly that this delivery skew appears
to exist from the very beginning of the ad delivery, i.e., before users
begin viewing and interacting with our ads. We will explore this
further in the following section. Second, we see that when we
switch the images—resulting in incongruent ads (dotted lines)—the
skew still exists but to a lesser degree. Notably, we observe that the
ad with an image of bodybuilding but cosmetics text delivers closest
to 50:50 across genders, but the ad with the image of cosmetics
but bodybuilding text does not. The exact mechanism by which
Facebook decides to use the ad text and images in in�uencing ad
delivery is unknown, and we leave a full exploration to future work.

Swapping images mid-experiment Facebook allows adver-
tisers to change their ad while it is running, for example, to up-
date the image or text. As a �nal point of analysis, we examine
how changing the ad creative mid-experiment—after it has started
running—a�ects ad delivery. To do so, we begin the experiment
with the original congruent bodybuilding and cosmetics ads; we
let these run for over six hours. We then swap the images on the
running ads, thereby making the ads incongruent, and examine
how ad delivery changes.

Figure 5 presents the results of this experiment. In the top graph,
we show the instantaneous ad delivery skew: as expected, the
congruent ads start to deliver in a skewed manner as we have

previously seen. After the image swap at six hours, we notice
a very rapid change in delivery with the ads almost completely
�ipping in ad delivery skew in a short period of time. Interestingly,
we do not observe a signi�cant change in users’ behavior to explain
this swap: the bottom graph plots the click through rates (CTRs) for
both ads by men and women over time. Thus, our results suggest
that the change in ad delivery skew is unlikely to be due to the
users’ responses to the ads.

4.3 Source of ad delivery skew
We just observed that ads see a signi�cant skew in ad delivery due
to the contents of the ad, despite the bidding strategy and targeting
parameters being held constant. However, we observed that the ad
delivery skew was present from the very beginning of ad delivery,
and that swapping the image in the middle of a run resulted in
a very rapid change in ad delivery. We now turn to explore the
mechanism that may be leading to this ad delivery skew.

Almost-transparent images We begin with the hypothesis
that Facebook itself is automatically classifying the ad creative (in-
cluding the image), and using the output of this classi�cation to
calculate a predicted relevance score to users. In other words, we
hypothesize that Facebook is running automatic text and image
classi�cation, rather than (say) relying on the ad’s initial perfor-
mance, which would explain (a) the delivery skew being present
from the beginning of ad delivery, and (b) how the delivery changes
rapidly despite no signi�cant observable change in user behavior.
However, validating this hypothesis is tricky, as we are not privy
to all of Facebook’s ad performance data.

To test this hypothesis, we take an alternate approach. We use
the alpha channel that is present in many modern image formats;
this is an additional channel that allows the image to encode the
transparency of each pixel. Thus, if we take an image and add an
alpha channel with (say) 99% opacity, all of the image data will still
be present in the image, but any human who views the image would
not be able to see it (as the image would show almost completely
transparent). However, if an automatic classi�er exists, and if that
classi�er is not properly programmed to handle the alpha channel,
it may continue to classify the image.

Test images To test our hypothesis, we select �ve images that
would stereotypically be of interest to men and �ve images that
would stereotypically be of interest to women; these are shown in
the second and fourth columns of Table 2.9, 10 We convert them
to PNG format add an alpha channel with 98% opacity11 to each
of these images; these are shown in the third and �fth columns of
Table 2. Because we cannot render a transparent image without
a background, the versions in the paper are rendered on top of
a white background. As the reader can see, these images are not
discernible to the human eye.
9All of these images were cropped from images posted to pexels.com, which allow
free non-commercial use.
10We cropped these images to the Facebook-recommended resolution of 1,080⇥1,080
pixels to reduce the probability Facebook would resample the image.
11We were unable to use 100% transparency as we found that Facebook would run
an image hash over the uploaded images and would detect di�erent images with
100% opacity to be the same (and would refuse to upload it again). By using 98%
transparency, we ensure that the images were still almost invisible to humans but that
Facebook would not detect they were the same image.
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Male Female
No. Visible Invisible Visible Invisible

1

2

3

4

5

Table 2: Diagram of the images used in the transparency ex-
periments. Shown are the �ve stereotypical male and female
images, along with the same images with a 98% alpha chan-
nel, denoted as invisible. The images with the alpha chan-
nel are almost invisible to humans, but are still delivered in
a skewed manner.

We �rst ran a series of tests to observe how Facebook’s ad cre-
ation phase handled us uploading such transparent images. If we
used Reach as our ad objective, we found that Facebook “�attened”
these images onto a white background in the ad preview.12 By
targeting ourselves with these Reach ads, we veri�ed that when
they were shown to users on the Facebook mobile app or in the
desktop Facebook web feed, the images did indeed show up as
white squares. Thus, we can use this methodology to test whether
there is an automatic image classi�er present by examining whether
running di�erent transparent white ads results in di�erent delivery.

Results We run ads with all twenty of the images in Table 2,
alongside ads with �ve truly blank white images for comparison.
For all 25 of these ads, we hold the ad headline, text, and destination
link constant, run them all at the same time, and use the same
bidding strategy and target custom audience. We then record the
di�erences in ad delivery of these 25 images along gender lines.
The results are presented in the left graph of Figure 6A, with all �ve
images in each of the �ve groups aggregated together. Error bars in
the plot correspond to the 99% con�dence interval calculated using
Equation 1. We can observe that ad delivery is, in fact, skewed,

12Interestingly, we found that if we instead used Tra�c as our ad objective, Facebook
would both “�atten” these images onto a white background and then normalize the
contrast. This caused the ads to be visible to humans—simply with less detail that the
original ads—thus defeating the experiment. We are unsure of why Facebook did not
choose to normalize images with the objective for Reach.

Figure 6: Ad delivery to ads with the images from Table 2,
targeting general US audience as well as the random phone
number custom audience. The solid markers are visible im-
ages, and the hollow markers are the same images with 98%
opacity. Also shown is the delivery to truly white images
(“blank”). We can observe that a di�erence in ad delivery
exists, and that that di�erence is statistically signi�cant be-
tween the male and female invisible images. This suggests
that automated image classi�cation is taking place.

with the ads with stereotypically male images delivering to over
42% men and the ads with female delivering to 39% men.

Interestingly, we also observe that the male invisible ads ap-
pear to be indistinguishable in performance from the male visible
ads, and the female invisible ads appear to be indistinguishable in
performance from the female visible ads.

As shown in Figure 6A, we verify that the fraction of men in
the delivery of the male ads is signi�cantly higher than in female-
centered and neutral ads, as well as higher in neutral ads than
in female-centered ads. We also show that we cannot reject the
null hypothesis that the fraction of men in the two versions of
each ad (one visible, one invisible) are the same. Thus, we can
conclude that the di�erence in ad delivery of our invisible male
and female images is statistically signi�cant, despite the fact that
humans would not be able to perceive any di�erences in these ads.
This strongly suggests that our hypothesis is correct: that Facebook
has an automated image classi�cation mechanism in place that is
used to steer di�erent ads towards di�erent subsets of the user
population.13

To con�rm this �nding, we re-run the same experiment except
that we change the target audience from our random phone number
custom audiences (hundreds of thousands of users) to all U.S. users
(over 320 million users). Our theory is that if we give Facebook’s
algorithm a larger set of auctions to compete in, any e�ect of skewed
delivery would be ampli�ed as they may be able to �nd more users
for whom the ad is highly “relevant”. In Figure 6B we observe that
the ad delivery di�erences are, indeed, even greater: the male visible
and invisible images deliver to approximately 60% men, while the
female visible and invisible images deliver to approximately 45%
men. Moreover, the statistical signi�cance of this experiment is

13It is important to note we not know exactly how the classi�cation works. For example,
the classi�er may also be programmed to take in the “�attened” images that appear
almost white, but there may su�cient data present in the images for the classi�cation
to work. We leave a full exploration of how exactly the classi�er is implemented to
future work.
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these images onto a white background in the ad preview.12 By
targeting ourselves with these Reach ads, we veri�ed that when
they were shown to users on the Facebook mobile app or in the
desktop Facebook web feed, the images did indeed show up as
white squares. Thus, we can use this methodology to test whether
there is an automatic image classi�er present by examining whether
running di�erent transparent white ads results in di�erent delivery.

Results We run ads with all twenty of the images in Table 2,
alongside ads with �ve truly blank white images for comparison.
For all 25 of these ads, we hold the ad headline, text, and destination
link constant, run them all at the same time, and use the same
bidding strategy and target custom audience. We then record the
di�erences in ad delivery of these 25 images along gender lines.
The results are presented in the left graph of Figure 6A, with all �ve
images in each of the �ve groups aggregated together. Error bars in
the plot correspond to the 99% con�dence interval calculated using
Equation 1. We can observe that ad delivery is, in fact, skewed,

12Interestingly, we found that if we instead used Tra�c as our ad objective, Facebook
would both “�atten” these images onto a white background and then normalize the
contrast. This caused the ads to be visible to humans—simply with less detail that the
original ads—thus defeating the experiment. We are unsure of why Facebook did not
choose to normalize images with the objective for Reach.

Figure 6: Ad delivery to ads with the images from Table 2,
targeting general US audience as well as the random phone
number custom audience. The solid markers are visible im-
ages, and the hollow markers are the same images with 98%
opacity. Also shown is the delivery to truly white images
(“blank”). We can observe that a di�erence in ad delivery
exists, and that that di�erence is statistically signi�cant be-
tween the male and female invisible images. This suggests
that automated image classi�cation is taking place.

with the ads with stereotypically male images delivering to over
42% men and the ads with female delivering to 39% men.

Interestingly, we also observe that the male invisible ads ap-
pear to be indistinguishable in performance from the male visible
ads, and the female invisible ads appear to be indistinguishable in
performance from the female visible ads.

As shown in Figure 6A, we verify that the fraction of men in
the delivery of the male ads is signi�cantly higher than in female-
centered and neutral ads, as well as higher in neutral ads than
in female-centered ads. We also show that we cannot reject the
null hypothesis that the fraction of men in the two versions of
each ad (one visible, one invisible) are the same. Thus, we can
conclude that the di�erence in ad delivery of our invisible male
and female images is statistically signi�cant, despite the fact that
humans would not be able to perceive any di�erences in these ads.
This strongly suggests that our hypothesis is correct: that Facebook
has an automated image classi�cation mechanism in place that is
used to steer di�erent ads towards di�erent subsets of the user
population.13

To con�rm this �nding, we re-run the same experiment except
that we change the target audience from our random phone number
custom audiences (hundreds of thousands of users) to all U.S. users
(over 320 million users). Our theory is that if we give Facebook’s
algorithm a larger set of auctions to compete in, any e�ect of skewed
delivery would be ampli�ed as they may be able to �nd more users
for whom the ad is highly “relevant”. In Figure 6B we observe that
the ad delivery di�erences are, indeed, even greater: the male visible
and invisible images deliver to approximately 60% men, while the
female visible and invisible images deliver to approximately 45%
men. Moreover, the statistical signi�cance of this experiment is

13It is important to note we not know exactly how the classi�cation works. For example,
the classi�er may also be programmed to take in the “�attened” images that appear
almost white, but there may su�cient data present in the images for the classi�cation
to work. We leave a full exploration of how exactly the classi�er is implemented to
future work.
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Figure 7: We run three campaigns about the best selling al-
bums. Top 30 is neutral, targeting all. Country implicitly tar-
gets white users, and Hip-hop implicitly targets Black users.
Facebook classi�cation picks up on the implicit targeting
and shows it to the audience we would expect.

even stronger, with a Z value over 10 for the ad delivery di�erence
between the male invisible and female invisible ads.

4.4 Impact on real ads
We have observed that di�erences in the ad headline, text, and
image can lead to dramatic di�erence in ad delivery, despite the
bidding strategy and target audience of the advertiser remaining
the same. However, all of our experiments thus far were on test ads
where we typically changed only a single variable. We now turn
to examine the impact that ad delivery can have on realistic ads,
where all properties of the ad creative can vary.

Entertainment ads We begin by constructing a series of benign
entertainment ads that, while holding targeting parameters �xed,
implicitly target users of di�erent races. Namely, we run three ads
leading to lists of best albums in the previous year: general top 30
(neutral), top country music (stereotypically of interest mostly to
white users), and top hip-hop albums (stereotypically of interest
mostly to Black users). We �nd that Facebook ad delivery follows
the stereotypical distribution, despite all ads being targeted in the
same manner and using the same bidding strategy. Figure 7 shows
the fraction of white users in the audience in the three di�erent
ads, treating race as a binary (Black users constitute the remaining
fraction). Error bars represent 99% con�dence intervals calculated
using Equation 1.

Neutral ads are seen by a relatively balanced, 45% white audience,
while the audiences receiving the country and hip-hop ads are 80%
and 13% white, respectively. Assuming signi�cant population level
di�erences of preferences, it can be argued that this experiment
highlights the “relevance” measures embedded in ad delivery work-
ing as intended. Next, we investigate cases where such di�erences
may not be desired.

Employment ads Next, we advertise eleven di�erent generic
job types: arti�cial intelligence developer, doctor, janitor, lawyer,
lumberjack, nurse, preschool teacher, restaurant cashier, secretary,
supermarket clerk, and taxi driver. For each ad, we customize the
text, headline, and image as a real employment ad would. For
example, we advertise for taxi drivers with the text “Begin your
career as a taxi driver or a chau�eur and get people to places on
time.” For each ad, we link users to the appropriate category of job
listings on a real-world job site.

Figure 8: Results for employment ads, showing a breakdown
of ad delivery by gender (left �gure) and race (right �gure)
in the ultimate delivery audience. The labels refer to the
race/gender of the person in the ad image (if any). The jobs
themselves are ordered by the average fraction of men or
white users in the audience. Despite the same bidding strat-
egy, the same target audience, and being run at the same
time, we observe signi�cant skew along on both racial and
gender lines due to the content of the ad alone.

When selecting the ad image for each job type, we select �ve
di�erent stock photo images: one that has a white male, one that
has a white female, one that has a black male, one that has a black
female, and one that is appropriate for the job type but has no
people in it. We run each of these �ve independently to test a
representative set of ads for each job type, looking to see how
they are delivered along gender and racial lines. Thus, the target
audiences that we use for these experiments are the North Carolina
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Figure 7: We run three campaigns about the best selling al-
bums. Top 30 is neutral, targeting all. Country implicitly tar-
gets white users, and Hip-hop implicitly targets Black users.
Facebook classi�cation picks up on the implicit targeting
and shows it to the audience we would expect.
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mostly to Black users). We �nd that Facebook ad delivery follows
the stereotypical distribution, despite all ads being targeted in the
same manner and using the same bidding strategy. Figure 7 shows
the fraction of white users in the audience in the three di�erent
ads, treating race as a binary (Black users constitute the remaining
fraction). Error bars represent 99% con�dence intervals calculated
using Equation 1.
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while the audiences receiving the country and hip-hop ads are 80%
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di�erences of preferences, it can be argued that this experiment
highlights the “relevance” measures embedded in ad delivery work-
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example, we advertise for taxi drivers with the text “Begin your
career as a taxi driver or a chau�eur and get people to places on
time.” For each ad, we link users to the appropriate category of job
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even stronger, with a Z value over 10 for the ad delivery di�erence
between the male invisible and female invisible ads.

4.4 Impact on real ads
We have observed that di�erences in the ad headline, text, and
image can lead to dramatic di�erence in ad delivery, despite the
bidding strategy and target audience of the advertiser remaining
the same. However, all of our experiments thus far were on test ads
where we typically changed only a single variable. We now turn
to examine the impact that ad delivery can have on realistic ads,
where all properties of the ad creative can vary.

Entertainment ads We begin by constructing a series of benign
entertainment ads that, while holding targeting parameters �xed,
implicitly target users of di�erent races. Namely, we run three ads
leading to lists of best albums in the previous year: general top 30
(neutral), top country music (stereotypically of interest mostly to
white users), and top hip-hop albums (stereotypically of interest
mostly to Black users). We �nd that Facebook ad delivery follows
the stereotypical distribution, despite all ads being targeted in the
same manner and using the same bidding strategy. Figure 7 shows
the fraction of white users in the audience in the three di�erent
ads, treating race as a binary (Black users constitute the remaining
fraction). Error bars represent 99% con�dence intervals calculated
using Equation 1.

Neutral ads are seen by a relatively balanced, 45% white audience,
while the audiences receiving the country and hip-hop ads are 80%
and 13% white, respectively. Assuming signi�cant population level
di�erences of preferences, it can be argued that this experiment
highlights the “relevance” measures embedded in ad delivery work-
ing as intended. Next, we investigate cases where such di�erences
may not be desired.

Employment ads Next, we advertise eleven di�erent generic
job types: arti�cial intelligence developer, doctor, janitor, lawyer,
lumberjack, nurse, preschool teacher, restaurant cashier, secretary,
supermarket clerk, and taxi driver. For each ad, we customize the
text, headline, and image as a real employment ad would. For
example, we advertise for taxi drivers with the text “Begin your
career as a taxi driver or a chau�eur and get people to places on
time.” For each ad, we link users to the appropriate category of job
listings on a real-world job site.

Figure 8: Results for employment ads, showing a breakdown
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in the ultimate delivery audience. The labels refer to the
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themselves are ordered by the average fraction of men or
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time, we observe signi�cant skew along on both racial and
gender lines due to the content of the ad alone.
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5. Test on real-world ads: housing-results

audiences described in Section 3.3. We run these ads for 24 hours,
using the objective of Tra�c, all targeting the same audience with
the same bidding strategy.

The results of this experiment are presented in Figure 8, plotting
the distribution of each of our ads along gender (left graph) and
racial (right graph) lines. As before, the error bars represent the
99% con�dence interval calculated using Eq. 1. We can immediately
observe drastic di�erences in ad delivery across our ads along both
racial and gender lines: our �ve ads for positions in the lumber
industry deliver to over 90% men and to over 70% white users
in aggregate, while our �ve ads for janitors deliver to over 65%
women and over 75% black users in aggregate. Recall that the only
di�erence between these ads are the ad creative and destination
link; we (the advertiser) used the same bidding strategy and target
audience, and ran all ads at the same time.

It is important to note that we cannot make conclusions about
how ads for di�erent jobs are delivered in general, as we only have
studied how our particular set of ads were delivered (i.e., we do not
claim that Facebook delivers all employment ads for lumberjacks
primarily to white users). However, the fact that we observe sig-
ni�cantly skewed delivery suggests that employment ads run by
real-world employers are likely subject to skewed delivery as well.

Housing ads Finally, we create a suite of ads that advertise
a variety of housing opportunities, as discrimination in online
housing ads has recently been a source of concern [25]. We vary
the type of property advertised (rental vs. purchase), the implied
cost (�xer-upper vs. luxury), and the presence of a family in the
ad image (just the house vs. a Black family vs. a white family). In
each ad, the cost is implied through wording of the ad as well as
the accompanying image. Ads with either of the families present
also mention the word ‘family’ in the description. Each ad leads to
a listing of houses for sale or rental apartments in North Carolina
on a real-world housing site. Simultaneously, we ran a baseline ad
with generic (non-housing) text that simply links to google.com.
All of the ads ran for 12 hours, using the objective of Tra�c, all
targeting the same North Carolina audiences and using the same
bidding strategy.

We present the results in Figure 9 (interestingly, we found little
skew for the housing ads along gender lines, and we omit those
results). We observe signi�cant ad delivery skew along racial lines
in the delivery of our ads, with certain ads delivering to an audience
of over 85% white users while others delivering to an audience of as
little as 35% white users. As with the employment ads, we cannot
make claims about what particular properties of our ads lead to this
skew, or about how housing ads in general are delivered. However,
given the signi�cant skew we observe with our suite of ads, it
indicates the further study is needed to understand how real-world
housing ads are delivered.

5 CONCLUDING DISCUSSION
To date, the public debate about discrimination in digital advertising
has focused heavily on the targeting features o�ered by advertising
platforms, and the ways that advertisers can misuse those features.

In this paper, we set out to investigate a di�erent question: to
what degree and by what means may advertising platforms themselves
play a role in creating discriminatory outcomes?

Figure 9: Results for housing ads, showing a breakdown in
the ad delivery audience by race. Despite being targeted in
the same manner, using the same bidding strategy, and be-
ing run at the same time, we observe signi�cant skew in the
makeup of the audience to whom the ad is delivered (rang-
ing from over 85% white users to over 65% Black users).

Our study o�ers an improved understanding of the mechanisms
behind and impact of ad delivery, a process distinct from ad creation
and targeting. While ad targeting is facilitated by an advertising
platform—but nominally controlled by advertisers—ad delivery is
conducted and controlled by the advertising platform itself. We
demonstrate that, during the ad delivery phase, advertising plat-
forms can play an independent, central role in creating skewed, and
potentially discriminatory, outcomes. More concretely, we have:

• Replicated and a�rmed prior research suggesting that mar-
ket and pricing dynamics can create conditions that lead to
di�erential outcomes, by showing that the lower the daily
budget for an ad, the fewer women it is delivered to;

• Shown that Facebook’s ad delivery process can signi�-
cantly alter the audience the ad is delivered to compared
to the one intended by the advertiser based on the content
of the ad itself. We used public voter record data to demon-
strate that broadly and inclusively targeted ads can end
up being di�erentially delivered to speci�c audience seg-
ments, even when we hold the budget and target audience
constant.

• Demonstrated that skewed ad delivery can start at the be-
ginning of an ad’s run. We also showed that this process is
likely automated on Facebook’s side, and is not a re�ection
of the early feedback received from users in response to
the ad, by using transparent images in ads that appear the
same to humans but are distinguishable by automatic im-
age classi�cation tools, and showing they result in skewed
delivery.

• Con�rmed that skewed delivery can take place on real-
world ads for housing and employment opportunities by
running a series of employment ads and housing ads with
the same targeting parameters and bidding strategy. De-
spite di�ering only in the ad creative and destination link,
we observed skewed delivery along racial and gender lines.

We brie�y touch on the broader implications of our �ndings.

Limitations It is important to note that while we have revealed
certain aspects of how ad delivery is accomplished, and the e�ects
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Other examples

https://twitter.com/twitter/statuses/897756900753891328
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Other examples

https://news.mit.edu/2018/study-finds-gender-skin-type-bias-artificial-intelligence-
systems-0212
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Other examples

A search on Google images with the word "CEO" (Chief Executive Officer)
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Other examples

https://www.theguardian.com/technology/2018/oct/10/amazon-hiring-ai-gender-
bias-recruiting-engine

Antonio Vetrò 43 / 61



Motivations
Fairness

Conclusions

Other examples

https://www.wired.com/story/amazon-and-the-spread-of-health-misinformation/
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Other examples

https://www.youtube.com/watch?v=HPopJb5aDyA
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The problem is relevant

Algorithmic Accountability Act (April 2019, Senate USA)
https://bit.ly/2UCBKZT
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Bias types in software systems

Scholars Batya Friedman and Helen Nissenbaum already presented,
in 1996, a taxonomy of possible biases in software systems 4

Computer systems that systematically and unfairly discriminate
against certain individuals or groups of individuals in favour of
others. 5

4https://doi.org/10.1145/230538.230561
5Friedman and Nissenbaum, https://doi.org/10.1145/230538.230561
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Pre-existent bias
Individual
Societal

Technical Bias
Computer tools
Decontextualized Algorithms
Random Number Generation
Formalization of Human Constructs
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Mapping Bias: the ML loop
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Premise: fairness and the space of observations

Fonte: https://arxiv.org/abs/1808.08619
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Formalizing fairness

Independence: R ⊥⊥ A
Separation: R ⊥⊥ A | Y
Sufficiency: Y ⊥⊥ A | R

Legend

R classifier

Y target variable

A sensitive attribute

R, Y , A ∈ [0, 1]

R A

R Y A

Y R A
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Independence: R ⊥⊥ A

P{R = 1 | A = a} = P{R = 1 | A = b}

R A

Relaxed constraint:

P{R=1|A=a}
P{R=1|A=b} ≥ 1− ε
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Separation

Separation: R ⊥⊥ A | Y

P{R = 1 | Y = 1,A = a} = P{R = 1 | Y = 1,A = b}
P{R = 1 | Y = 0,A = a} = P{R = 1 | Y = 0,A = b}

R Y A

P{R = 1 | Y = 1} is true positive ratio
P{R = 1 | Y = 0} is false positive ratio

=⇒ Separation requires equity of error rates
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Sufficiency

Sufficiency: Y ⊥⊥ A | R

P(Y = 1 | R = r ,A = a) = P(Y = 1 | R = r ,A = b)

Y R A

Note:
Interpretation: it is sufficient to use score R to forecast Y,
protected attribute A is useless (but R can still be a proxy of
A)
In the binary case, sufficiency implies equity of
positive/negative predictive values in all groups
Sufficiency is linked to calibration
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As a consequence, adjusting data for bias is not enough
Remediations are not a matter of purely technical fixes
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Problem solved:

lack of awareness

New scientific communities gathered around the topic
Institutions have understood the relevance of the problem
Major software companies are developing tools/methodologies
to mitigate the problem
New funding, research labs, classes have been established on
the topic and existing ones have shifted priority towards the
issue

Examples
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to mitigate the problem
New funding, research labs, classes have been established on
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Examples

ACM Conference on Fairness, Accountability, and Transparency
FAT ML (Fairness Accountability and Transparency in Machine
Learning) community
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Problem solved: lack of awareness

New scientific communities gathered around the topic
Institutions have understood the relevance of the problem

Major software companies are developing tools/methodologies
to mitigate the problem
New funding, research labs, classes have been established on
the topic and existing ones have shifted priority towards the
issue

Examples
High-Level Expert Group on Artificial Intelligence to ethical, legal and societal
issues related to AI - European Commission (June 2018; guidelines in April 2019)
Algorithmic Accountability Bill of 2017 (New York City Council)
Algorithmic Accountability Act of 2019 (Senate US)
National Artificial Intelligence strategies
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Problem solved: lack of awareness

New scientific communities gathered around the topic
Institutions have understood the relevance of the problem
Major software companies are developing
tools/methodologies to mitigate the problem

New funding, research labs, classes have been established on
the topic and existing ones have shifted priority towards the
issue

Examples

the IBM AI Fairness 360 Open Source Toolkit

Microsoft research unit "The Rise of Autonomous Experimentation:
Technical, Social, and Ethical Implications of AI"

The What-IF tool by Google
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Problems solved

Problem solved: lack of awareness

New scientific communities gathered around the topic
Institutions have understood the relevance of the problem
Major software companies are developing tools/methodologies
to mitigate the problem
New funding, research labs, classes have been established
on the topic and existing ones have shifted priority towards the
issue

Examples
Ethics and Governance of Artificial Intelligence Fund (Harvard and MIT)
Responsible Computer Science Challenges
Diffusion of Tech Ethics courses
AI NOW Institute (founded in 2017)
The Alan Turing Institute (founded in 2015 and added AI implications in 2017)
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data quality
Mapping inequalities
The political
character of
algorithms
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Adapted from Open Polis : https://bit.ly/2XoqYV6
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Fig.Trade-off in fairness selection process related to democracy
typologies. Legend: Competitive (green), Liberal (yellow), Egalitarian

(orange)
In collaboration with Fondazione Bruno Kessler - Work in progress
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The scale and impact of automated decisions in societies pushes
us to understand better which decisions to delegate to technologies
and to what extent

We the engineers need help from human and social scientists
and viceversa
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Modern techno-social dilemmas like the tragedy
of commons, or climate change are different from
techno-social engineering: the issue at hand is the
fact that in the latter humans are seen by the tech-
nocratic forces as programmable objects.
But we too have a role, when we delegate to
technology.
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But we too have a role, when we delegate to
technology.

Thank you.

mail: antonio.vetro@polito.it

twitter: @phisaz
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