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1 Introduction

A key policy concern arising from the increasing use of machine learning and Al is the potential
for intentional discrimination or unintended biases that worsen inequality and harm historically
disadvantaged groups (Lee et al., 2019; Rambachan et al., 2020). The EU’s landmark 2023 AT Act
includes regulation to prevent racial and gender bias in Al systems.! In the US, scholars have iden-
tified disproportionate risks to Black and African American individuals (Noble, 2018; Allen, 2022),
and presidential executive orders have directed federal agencies to combat algorithmic discrimina-
tion and develop tools and practices to address Al-related equity and civil rights challenges.?

One approach to preventing discrimination is to block or obscure information on protected
group membership (Goldin and Rouse, 2000), as in laws restricting information flows about health
(Miller and Tucker, 2018) and criminal backgrounds (Doleac and Hansen, 2020; Agan and Starr,
2018). Similarly, the European General Data Protection Regulation (GDPR) provisions treat
racial and religious identity as sensitive information and restrict its collection and use.? However,
limiting the flow of racial information will not be effective at making algorithms race-neutral if the
underlying data contain other variables that are highly correlated with race (Allen, 2022; Gillis
and Spiess, 2019). Whether hiding racial category information is an effective anti-discrimination
strategy depends on whether and how racial information can be inferred using other available data.

This paper addresses these questions with data collected from a setting in which racial identity
is inferred by sophisticated algorithms, using records of activity and engagement with content,
on Facebook. We collected our data by purchasing a variety of national ad campaigns that were
shown over a million times to over 531,000 unique Facebook users in August 2017. During this
time, Facebook allowed advertisers to create target audiences based on including or excluding
“ethnic affinity” groups such as African American, Asian, and Hispanic. This practice has been

criticized (Angwin and Parris, 2016; Angwin et al., 2017) in the press. The company later removed

"https://ec.europa.eu/commission/presscorner/detail/en/QANDA_21_1683.

’https://www.whitehouse.gov/briefing-room/statements-releases/2023/10/30/fact-sheet-president-
biden-issues-executive-order-on-safe-secure-and-trustworthy-artificial-intelligence/

3https://commission.europa.eu/law/law-topic/data-protection/reform/rules-business-and-
organisations/legal-grounds-processing-data/sensitive-data/what-personal-data-considered-
sensitive_en



advertisers’ ability to exclude based on multicultural affinity groups® and agreed to eliminate racial
targeting.® Our data therefore provide unique insight into the operation of ethnic targeting on a
large advertising-supported platform that is not otherwise available to external observers.

A key feature of our setting is that Facebook did not collect information from users directly
about their racial or ethnic identities. The company built ethnic-affinity groups using onsite activity
such as liking, posting or engaging with different types of content. Using reported metrics for our
various ad campaigns, we are able to track the distribution of where the ads were shown and clicked
across 192 media markets.

Our first result is that ads targeted at different demographic groups were more likely to be
shown in areas with higher populations of those subgroups, which is consistent with Facebook’s
racial affinity categories predicting racial and ethnic group identification. This provides empirical
support for the expectation that racial information can be inferred from other correlates on a broad
population. It also confirms that hiding a demographic category is not enough to mask identity.

Our second result is that, above and beyond the rates predicted by population shares, ads
targeted at Facebook users with Black and African American affinity, but not with other ethnic
affinities, were significantly more likely to be shown in states where slavery was legal at the start of
the American Civil War. This appears to be driven by variation in the effectiveness of algorithms
at identifying Black audience members based on patterns of engagement with content. Facebook
is able to predict more users as having a Black or African American affinity in states with this
history of slavery because of greater racial differentiation in what cultural material is engaged with
in those states.

In contrast to the first finding, which emphasizes the power of machine learning to impute
missing classifiers, this finding emphasizes its limitations. Members of a minority group are easiest
to identify when they possess characteristics that are distinctive to that group, and not common in
the general population. More generally, the more the minority group overlaps with other groups,

the less discerning the algorithm can be with proxy variables. Achieving a low false positive rate,

*(https://wuw.axios.com/2017/12/15/facebook-disabling-multicultural-affinity-group-advertising-
to0l-1513307261

*https://www.theverge.com/2018/7/24/17609178/facebook-racial-dicrimination-ad-targeting-
washington-state-attorney-general-agreement



with high confidence of correctly tagging individuals as group members, may require emphasizing
traits (or combinations of traits) that are not representative of the group as a whole.

This means that indirect inference of group membership based on other data, even exceptionally
rich data on digital activity, can create another level of bias based on classification. These features
are often not intentional expressive choices, but the digital detritus of living in the world, consuming
content, shopping, and socializing. The underlying traits used to categorize people are complex
and necessarily opaque, which creates challenges for individuals who want to access or correct this
information.

Taken together, our results caution policymakers against a simple approach of excluding or
masking information on race or other sensitive categories from datasets in the hopes of preventing
intentional discrimination. For example, recent rule-making has focused on banning the use of pro-
tected characteristics in the targeting of advertising.® It is possible that hiding information makes
it less salient, or that discrimination can be prevented by raising its costs, but these tradeoffs need
to be examined directly, and weighed against the unintentional effects of relying on proxies. Our
results suggest that data masking is ineffective at reducing racial discrimination. We explore what
happens when direct measures of racial identity are excluded from the data, but firms still wish to
segment users on that basis. Group membership is correlated with many individual characteristics,
including many that have legitimate non-discriminatory purposes. In the world of big data and
machine learning, there is no way to completely obscure an individual’s group membership from a
firm.

We make contributions to two bodies of literature. The first is the literature on algorithmic
fairness which reflects concerns that algorithms used to categorize individuals and predict outcomes
may embed or generate biases, and therefore exacerbate social and economic inequality (Rambachan
et al., 2020; Cowgill and Tucker, 2020). Prior research examining algorithmic fairness has uncovered
systematic differences in predictions by race, even when race is not fed into the model (Obermeyer
et al., 2019). This approach to detecting bias is only available to people with access to data inputs

and algorithmic outputs, and when the data include a measure of race. Instead, this paper considers

Shttps://wuw.justice.gov/crt/case/united-states-v-meta-platforms-inc-fka-facebook-inc-sdny



what happens when data on race are not directly available, examining algorithmic predictions of
racial group affiliation.

We also contribute to the literature that helps inform algorithmic auditing (Lee et al., 2019;
Kallus et al., 2022; Kleinberg et al., 2020), which is becoming becoming central to governmental
approaches to algorithmic fairness.” This literature emphasizes that omitting information on group
membership makes it impossible to audit a process to detect disparate ex post outcomes or to
adjust it to remove unintentional biases (Lee et al., 2019; Kallus et al., 2022; Kleinberg et al., 2020;
Obermeyer et al., 2019). These results support policies, such as the Home Mortgage Disclosure
Act, that mandate data collection and reporting around protected categories. Our paper highlights
an additional risk. When auditing is based on biased proxies, it can produce inaccurate results.
Unequal treatment can remain hidden if the proxy draws from a relatively-advantaged minority

population; if the reverse is true, gaps may appear with the proxy that are not present overall.
2 Data and Setting

This study examines data from a series of national ad campaigns, conducted on Meta, then known
as Facebook, for one week in August 2017. We focus on Meta because of its coverage in the US in
this time period — around 79% of all Americans online used Facebook and 59% of 18-29 year-olds
used Instagram.® In 2017, Tiktok had not yet emerged as a competitor, meaning that Meta had
not yet suffered a decline in its usage by young people, and Facebook and Instagram were the most
frequently used social networks by people under the age of 35.7

Our campaigns presented visually identical ads (Figure A-1) to groups of targeted users with
different “ethnic affinities.” Individuals who clicked the ad were directed to the webpage of a
federal government program that helps people find pathways into federal jobs. The study focused
on younger people, aged 20-29, because advice about career pathways is particularly relevant for

people in this age group. This age group also had universally high Facebook and Instagram adoption

"https://www.ftc.gov/business-guidance/blog/2021/04/aiming-truth-fairness-equity-your-companys-
use-ai and https://www.gov.uk/government/publications/findings-from-the-drcf-algorithmic—
processing-workstream-spring-2022/auditing-algorithms-the-existing-landscape-role-of-regulators-
and-future-outlook

Shttps://www.pewresearch.org/internet/2016/11/11/social-media-update-2016/

“https://wuw.pingdom.com/blog/social-media-in-2017/



rates across racial groups, which allows us to use Census population data to measure demographic
and economic characteristics of the Meta audience. We separately targeted younger (aged 20-24)
and older (aged 25-29) male and female users.

Our main target categories are by ethnic affinity. Figure A-2 shows the Facebook ads interface
that we used to order ad campaigns with this targeting. The available categories were African-
American, Asian-American, and Hispanic (with sub-groups for dominant language). We purchased
separate ads targeted at three of the ethnic affinity groups (using “All” for Hispanic) and another
set targeted at Facebook users not in these three categories.!?

Meta does not collect data on race when people register for Facebook or Instagram. Therefore,
these ethnic affinity targeting categories are inferred. Meta instead informed advertisers that these
categories were inferred from users’ actions on its website.

Targeting by ethnic affinity can be beneficial if it allows sellers of niche ethnic or racially focused
products or services to more efficiently reach potential customers. The ability to target minority
group audiences can be particularly valuable for businesses that focus on minority customers,
including small minority-owned businesses, who might benefit from Facebook advertising to achieve
scale. Another socially beneficial use of targeting could be for affirmative action and diversity
initiatives aimed at increasing opportunities for groups that have been historically excluded (Miller
and Segal, 2012; Miller, 2017). At the same time, racial targeting, inclusive or exclusive, can be
used for discriminatory or predatory purposes, and violate equal protection laws in areas of housing,
banking and employment.

Although this was not a job ad, clicking on the link could be beneficial to the viewer if they
learn more about available jobs and find a better employment match. This makes racial target-
ing concerning, because it could exacerbate racial disparities. At the same time, racial targeting
of advertisements using proxies (such as attendance of a historically Black university or college
(HBCU) or social group membership) is a common strategy for affirmative action plans aimed at

improving diversity when broad advertising approaches produce non-diverse pools of applicants.

0Given that African-American as an “ethnic affinity group” was being used by Facebook as synonymous with
being Black, when referring to Facebook’s ethnic affinity groups with the United States, we use ‘African American’
and ‘Black’ interchangeably.



Recent evidence suggests that the diversity of those in federal employment has not progressed, and
has in some cases regressed.!!

The data generated by these campaigns is a series of daily measures, for each campaign across
192 media markets. For each market, day and demographic target group, we observe the number
of times the ad was shown (impressions), the number of unique viewers (reach), the number of
actions taken to engage with our ads (clicks), and the advertising costs (based on clicks, for our
campaigns).

We later collected supplemental information on the target audiences using the Audience Insights
tool that Facebook made available to advertisers. At the time that we collected this information
(August 2019), the demographic targets based on “ethnic affinity” were called “multicultural affin-
ity” but were otherwise unchanged. We used Audience Insights to collect data on what types of
content were considered predictive of ethnic affinity. However, it was no longer possible to exclude
any of the designated ethnic affinity groups from audiences. By 2022, this targeting was no longer
available to Facebook advertisers.

Because these options are no longer available, our data provide unique insight into how Facebook

itself categorized users racially.
2.1 Geographic Measure of Historic Inequality

We are interested in the question of whether algorithms can reflect historic inequality and injustice.
We do this by splitting the sample into states where slavery was legal during the Civil War and
all others. Our Slave State group includes the 15 states, plus the District of Columbia, where
slavery was legal in 1861, at the start of the war: Alabama, Arkansas, Delaware, Florida, Georgia,
Kentucky, Louisiana, Maryland, Mississippi, Missouri, North Carolina, South Carolina, Tennessee,
Texas, and Virginia. In addition to these 16 states, we also include West Virginia, which was part of
Virginia at the outbreak of the Civil War (Woods, 2015). Our Slave State group therefore includes
all 11 states in the Confederacy as well as five Union Slave States (Delaware, Kentucky, Maryland,
Missouri, and West Virginia) and DC. The designation also aligns closely with the current Census

division for the South, but including Missouri and excluding Oklahoma.

Yhttps://www.opm.gov/policy-data-oversight/diversity-and-inclusion/reports/feorp-2016.pdf



This split based on slavery captures a fundamental injustice shaping the historical Black expe-
rience in the US (Logan, 2022). Following the abolition of slavery and the end of Reconstruction,
state-sanctioned racial injustice continued to be codified for generations in laws mandating racial
segregation and disenfranchising sizable Black populations. Research has found evidence of lasting
place-based legacies of slavery, reflected in persistent links between historical prevalence of slavery
in a location and the subsequent economic, social, and political outcomes of its residents (Jung,
2023; Berger, 2018; Acharya et al., 2016; Reece and O’Connell, 2016; Bertocchi and Dimico, 2014).

The Slave State designation is associated with both historical and contemporary measures of
the Black population distribution within the US (Table A-1). In the first decennial Census following
the Civil War, the Slave States had substantial Black population shares, with over three-quarters
of states having populations that were more than 20% Black and no states with less than 1%.
The reverse was true for non-Slave States, where the majority of states had <1% Black population
and none had 10% or higher. This relationship has become less stark over time, as a result of
the Great Migration and increasing Black immigration from other countries, which significantly
increased the Black population in states such as New York, Illinois, Michigan, New Jersey, and
Ohio. Nevertheless, more than 150 years after the Civil War, the 2020 Census shows the majority
of former Slave States still have Black population shares above 20%, a threshold not reached in
any of the non-Slave States. Median household income is somewhat lower in Slave States for both
Black and White households, but the differences are not statistically significant. Intergenerational
household income mobility (Chetty et al., 2014) is significantly higher in non-Slave States for both
Black and White households, as is individual income mobility for White men and women. Black
incarceration rates are similar between Slave and Non-Slave States, but overall incarceration rates
are higher in Slave States. These patterns suggest that population density and household income
mobility may contribute to differences in algorithmic performance between the two types of states,

which we explore in Section 4.1.
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a media market (out of 192). The y-axis is the total reach of campaigns (aggregated across gender, age, and dates)
for that market. The x-axis is the total Census population (in thousands, aggregated across gender and age) for that

racial and ethnic group.



3 Results

3.1 Ethnic Affinity Is Strongly Related to Race and Ethnicity

Our first result is that the geographic distribution of the ad reach produced by ethnic affinity
targeting in Facebook is strongly correlated with the racial and ethnic distribution of the US
population. The scatterplots in Figure 1 show, for each ethnic affinity group, that ad campaigns
targeting that group were shown systematically more in areas with higher estimated populations
of the targeted demographic group using Population counts from US Census Bureau (2017). These
are not artifacts of DMAs with larger total populations also having larger populations of different
demographic subgroups. We confirmed this by running a regression of ad campaign reach for each
affinity group on the total Census population (summed across racial and ethnic groups) and the

sub-population in the targeted race or ethnicity (Appendix Table A-3).
3.2 Ads Targeting Black Affinity Are Shown More in Slave States

After finding that the actual racial distribution of a media market is highly predictive of ad reach
of ethnically targeted campaigns, we next evaluated whether our campaigns targeting Black or
African American affinity were delivered differently across Slave States and non-Slave States. We
show this in Figure 2, which plots the reach of our ad campaigns targeting Black affinity, relative
to the size of the local Black population in the relevant gender and age group (in thousands). Ads
targeted at Black affinity are shown significantly more in Slave States, but the same is not true for
other ethnic affinity groups.

Regression model estimates for ads targeting Black affinity confirm the finding in Figure 2 for
ad reach per population (an increase of 0.2 in Slave States, significant at the 1 percent level) and
also show that ad impressions and clicks are also significantly higher in Slave States, even after
controlling for population (Appendix Table A-4). Estimates from pooled models that include other
campaigns confirm the higher reach in Slave States for ads targeting Black affinity is not present
for other types of ethnic targeting. There is a positive and significant interaction between Black

and Slave State.!?

12 Appendix Table A-5 shows comparisons to all other ethnic groups (columns 1-4) and to the group excluding
multicultural affinities (columns 5-8).
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Figure 2: Ad Reach per Population by Black Affinity
Notes: This figure plots average ad reach per population across media markets of Facebook ad campaigns targeted by
racial affinity, gender (male or female) and age group (20-24 or 25-29). Ad reach is the number of unique individuals
shown the ad and estimated population is from 2016 Census estimates for the corresponding age-race-gender group.
We split the demographic target groups based on racial affinity (Black or other) and assigned locations to Slave State
groups based on the dominant state in the media market. 95% confidence intervals shown for each bar.

It is possible that the algorithm used to deliver ads to people within the target audience explains
our effect (Lambrecht and Tucker, 2019). Ads are only delivered to Facebook users when the
algorithm places a winning bid in the auction for that advertising slot on the Facebook platform.
Details of the bidding algorithm are a black box from the point of view of researchers, but we
were able to specify the ad objectives and payment basis. The objective for all of our campaigns
was to maximize clicks on an embedded link (to the jobs page). We set a maximum $20 daily
budget. However, costs of ad delivery were not lower, either in absolute terms, or relative to other
ethnic affinity target groups, for Black affinity users in Slave States.!> The magnitudes are small in
absolute terms and relative to the mean costs (of about $1.50). None are statistically significant.
The comparisons in the later columns yield somewhat larger and positive point estimates. This

implies that ads in Slave States are more expensive for Black affinity, and points against our finding.

The only highly significant estimate in the table is the indicator for Black affinity (Appendix Table

13Estimates are in Appendix Table A-7.
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A-7, column 3). This indicates that it is significantly more expensive to serve ads to users identified
as having Black affinity than to those with no multicultural ethnic affinity (corresponding to White

non-Hispanic users).
3.3 Direct evidence on digital profiling

These results are based on a single campaign run for a specific product. To ensure that our results
apply more broadly, we directly collected data on the reported size of potential target audiences
on Meta. Specifically, we collected data separately for Slave States and non-Slave States on the
number of people profiled as having African American ethnic affinity. This measure comes from the
Audience Insights tool on Facebook, that allows advertisers to estimate the audience they will reach
if they target different segments on Facebook. We collected data for each state, by each gender, and
age group (20-24 and 25-29) combination. Then, we downloaded the estimated Facebook audience
size for people with Black affinity. We were not able to use this tool to generate audience sizes for
all media markets in our full sample, as Meta restricts access to the tool, which is why we use states
instead. Even with this more aggregated unit of analysis (50 states instead of 192 media markets),
we still found several target groups for which Facebook provided “No Information.” These were
typically places with small Census population counts for the target group. For larger audiences,
we set the size equal to the midpoint of the range provided by Facebook.

We were not allowed to select an audience that excludes any ethnic affinity group, so we are
not able to compare Black affinity audience size to other ethnic affinities. We therefore downloaded
estimated audience size measures for each state, gender and age group without specifying any
affinity (the “All” group in Figure 3). This means that the All group provides a benchmark that
is dominated by other racial and ethnic groups, but that is still affected by our target group of
interest - the Black share of the Census population in our age groups is 14.4%.

Figure 3 shows the size of audience by Black affinity designation and no affinity group desig-
nation. When scaled to the population of these states, the audience size calculated by Facebook
is the same as the actual Census population when no ethnic affinity designation is chosen. This
was true across both historic free and Slave States. However, this was not the case for users with

African American affinity. The Facebook audience size surpasses the population by 34% in Slave

12
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Figure 3: Facebook Audience per Population by Black Affinity
Notes: This figure compares Facebook audience size reports for different target audiences, based on racial affinity
(Black affinity or unrestricted), gender (male or female), age group (20-24 or 25-29) and location (state). The audience
size is scaled to the estimated Census population for the corresponding gender-age-race group in the state. The Slave
State and non-Slave State bars are averaged across states and demographic groups. 95% confidence intervals shown
for each bar. We treat missing observations as having an audience size of zero.
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States, but is only 88% of the population in non-Slave States.

The significantly larger audience size for Black affinity groups in Slave States corresponds to an
average of about 10K additional people per demographic subgroup, after controlling for the state’s
population of that sub-group (which has an average slope of 0.92).14 This gap is smaller if we
exclude observations with missing audience size, which happens less often for Slave States, rather
than including them as zeros. By contrast, we find no significant difference between former slave
and free states in the Facebook audience size when we do not target by ethnic affinity. This suggests
that the relatively higher rate of ad delivery for Black affinity in former Slave States, conditional

on population, could stem from the greater size of the potential target audience in those states.
4 Exploring the Sources of Disparity Between Slave and Non-Slave States

4.1 What variables explain this disparity?

We explore what might drive the lasting effect of historical oppression on the outcomes of the
modern-day advertising algorithms targeting users with Black affinity by adding controls in our
regression model for ad reach scaled to population. The results in Table 1 show the overall esti-
mate with no covariates (column 1) is relatively stable after adding controls for socioeconomic sta-
tus (columns 2-5), despite several measures of economic disadvantage (unemployment, low-income
population, economic immobility) predicting higher ad volume. Column 6 shows the effect is not
explained by variation in the proportion of the Black population (alone or in combination) that
reports a single race.

The variables that do account for the Slave State effect are indicators for Black population
shares above different thresholds (column 7). This is consistent with population density being
the variable that drives the relationship between digital engagement with content and historical
oppression. Therefore, a potential mechanism that could explain our effect is that members of an
ethnic group are more identifiable through their digital activity in instances where they constitute a
larger share of the local population, because they are more likely to develop distinctive communities
with shared interests that leads them to more consistently engage with similar digital content.

However, because the population share distributions differ sharply across the sets of states - there

11See Appendix Table A-6 for full estimates.
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Table 1: Accounting for the Slave State Effect

(1) (2) (3) (4) (5) (6) (7)
Slave State 0.196** 0.201** 0.294*** 0.195** 0.159* 0.273**  -0.0763
(0.0757)  (0.0769) (0.0772) (0.0754) (0.0748)  (0.0937) (0.0872)
Pct. College Grad. -0.00421
(0.00779)
Pct. Unemployed 0.0630***
(0.0150)
Pct. Low Income 0.0102*
(0.00482)
Income Mobility -0.0468**
(0.0155)
Share Black Only -1.157
(0.731)
Pop. Sh. 1-5% 0.488***
(0.109)
Pop. Sh. 5-10% 0.681***
(0.130)
Pop. Sh. 10-20% 0.256*
(0.118)
Pop. Sh. >20% 0.946***
(0.137)
Observations 5376 5376 5376 5376 5376 5376 5376
R-Squared 0.00365 0.00383 0.00878 0.00623 0.00991 0.00484 0.0315

Notes: Dependent variable is ad reach (unique viewers) per thousand population. Sample is restricted to ads targeting
Black affinity. Each observation is a gender (male or female) by age group (20-24 or 25-29) by media market (192) by
date (7) combination. The omitted population share is <1 percent. Regressions are weighted by population. Robust
standard errors in parentheses. + p < .1, * p < 0.05, ** p < 0.01, *** p < 0.001
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are only Slave State observations with shares above 20% — it is not possible to tease the effect of

population shares apart further econometrically.
4.2 Mechanism: Variation in intensity of engagement with digital content

We next obtained direct evidence about what may drive this effect, by looking at the types of
Facebook content that were highly predictive of race, and how this differed across Slave and non-
Slave states.

“Affinity” is defined by Facebook as the degree to which a page is more popular with users
from the specific audience target than it is with Facebook users overall, as a multiple of baseline
popularity. An affinity score of 10X means that a page is 10 times more popular among members of
that audience than the average Facebook user. We collected information on the digital content with
the highest affinity scores for users that Facebook labeled as having an African-American affinity.
We did this separately for each age groups (20-24 and 25-29) and gender categories and for each
state.

The specific content of the top-liked pages with the highest affinity scores for Black audiences
in our Facebook data shows some expected results. Among Black males ages 20-24, the top affinity
score page was the hair care company WaveBuilder, with 275,200 likes, and a Black affinity audience
of 38,400. WaveBuilder itself is a hair care and maintenance line for particular waved hair styles
that are predominantly worn by Black men. The WaveBuilder Facebook page is unlikely to interest
non-Black men or women who cannot wear this kind of hairstyle and it had an affinity score of
212X. Two top pages for Black women are Jess Hilarious and E’'TAE Natural Products. Jess
Hilarious is a Black female comedian who has made television appearances on channels like the
Black Entertainment Television (BET) channel. The BET and BET Music networks also appear
among the top pages for Black men and women. E'TAE Natural Products is a hair and skin care
product line geared towards “natural and relaxed hair”—terminology that is frequently used to
describe Black hair that is either unaltered by chemical straightening or straightened or texturized
using a relaxer.

However, other pages with high affinity scores, such as Champs Sports, Irish Spring (soap), and

Wet Seal (apparel and makeup), are less obvious candidates for high scores in the Black affinity
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Notes: This figure shows the average value (across groups within each set of states) of the maximum audience size for
the target group for Facebook pages with affinity scores above each threshold (50X, 100X, 200X and 500X), scaled
to the Census population for the target demographic group in the state.

designation. Consistent with the relatively young age groups we study, every state has one or more
state universities among the high affinity content, but it is notable that no pages for HBCUs appear
on the lists. These more unexpected correlations illustrate the challenge inherent in attempting to
remove all digital proxies for racial identity. It might be obvious to be concerned if a liking for Black
hair products were used to exclude someone from seeing an ad for housing, or to target a payday
loan. It is less obvious to be concerned about a liking for ‘Champ Sports.” Digital engagement with
content that is predictive of race includes content that is not itself racially targeted, and may be
impossible to predict (or purge) without racial identity data.

We examine differences in Black target audience sizes for pages that Facebook identifies as
having high affinity values for Black users between Slave and non-Slave states in Figure 4. The
figure plots the average value (across states and sex-age groups) of the maximum audience size for
each target group and state, across all of the high-affinity pages, using varying cutoffs for high-
affinity (50X to 500X). This audience size measure corresponds roughly to the number of users that

Facebook would find from the specified affinity group by focusing only on the high-affinity page
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with the largest set of users from the group.

The figure shows that, within each state group, the maximum audience size decreases as the
affinity threshold is raised, and the maximum is taken over a smaller set of pages. Although the
weakly negative effect is fully expected, the steep decline in audience size (from 10K to 3K) reveals
that the highest affinity pages — the ones that are most distinctively Black — are not necessarily the
ones that are most popular among users with Black affinity.

The main result of Figure 4 is that, for each affinity threshold, the audience size, scaled to
Census population, in Slave States is substantially higher than in other states. This illustrates
a feature of liking behavior that enables the algorithm to find more users with Black affinity in
those states. These differences are statistically significant: the Slave State coefficient is positive and
significant for predicting audience sizes from the Black affinity target groups among top pages with
high affinity levels, but it is not significant for predicting total (all race) audience sizes (Appendix
Table A-8). We similarly find significantly more distinct pages with high affinity for Black audience
target groups in Slave States (Appendix Figure A-3 and Table A-9).

Therefore, it appears our results occur because in Slave states there is more differentiated
engagement with content that machine learning identifies as associated with a African American
ethnic affinity. One explanation of this phenomenon comes from cultural economics, and the
finding that cultural transmission is facilitated by population density (Bisin and Verdier, 2011).
For example, it is easier to maintain a culture as an immigrant if there is a large population of
immigrants from the same country living locally. However, we recognize there may be many other
cultural and sociological reasons why there is more distinctive engagement with digital content

thought to be linked to an African-American ethnic affinity in states with a history of slavery.
5 Implications and Conclusions

This paper studies the use of racial proxies to infer race in the digital content world. It uses unique
data from Meta, and finds that while data on engagement with content does predict race well, there
are systematic biases in how well it predicts. The algorithms are more likely to identify someone
as being Black, relative to the baseline population, in states with a history of slavery. We present

evidence that this occurs because higher population shares of a racial group are associated with
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engagement with more differentiated online content.

Our findings confirm concerns about the limitations of masking or excluding information on
racial groups as a way of preventing discrimination. Not only do we find that engagement with
digital content is predictive of racial identity, but also that there is no easy way to purge the data
of proxies. The relationship between race and zip code is well-noted (Lee et al., 2019), but avoiding
detailed geographic targeting is not enough to remove informative racial classification. Some of
the categories of digital content engagement that predicts a Black audiences, such as BET and
WaveBuilder, may be expected, but others are not. This makes the project of identifying and
removing any individual page or category of pages unlikely to be effective at removing all proxies.

This paper departs from prior literature on algorithmic fairness in economics that focuses on
labor markets (Cowgill et al., 2020), healthcare delivery (Obermeyer et al., 2019), or criminal jus-
tice (Stevenson and Doleac, 2022), to explore algorithmic decision-making in the context of digital
profiling. Predatory marketing targeted at African American communities has been documented
for mentholated cigarettes (Li, 2019) and sub-prime loans (Hawkins and Penner, 2020) and in cam-
paigns aimed at suppressing voter turnout.'® The use of racial proxies for targeting of advertising
that promotes products that are not welfare enhancing is particularly concerning when it dispropor-
tionately reaches Black populations that have been been subject to more historical racial injustice,
such as those in former Slave States, or that show persistent harms from systemic inequities in
their worse contemporary measures of economic outcomes. We also find a significant interaction
between our two measures of disadvantage. The algorithms’ preferential ability to identify African
American people in former Slave States is concentrated in lower-income areas (Appendix Table
A-10), which suggests a further potential for imperfect racial proxies to exacerbate the harms from
racially targeted advertising.

Our results also highlight the challenges in using proxies to predict race. Without information
on actual racial identification, it will be impossible for researchers, regulators or firms to identify
all of the potentially concerning racial proxies included in digital activity data, which might be a

significant share of all data. Furthermore, our finding that inferred race using data on engagement

Bhttps://www. justice.gov/usao-edny/pr/social-media-influencer-douglass-mackey-convicted-
election-interference-2016.
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with digital content produces a proxy measure that is informative, but that also suffers from
systematic bias, shows that enforcement of anti-discrimination rules and auditing of algorithms for
bias can both be compromised if data on actual racial identity are fully excluded.

There are of course limitations to our study. First, we study the inference of race on one
platform at one point in time. Second, though we prevent suggestive evidence that the mechanism
for the systematic bias in the prediction of race is due to the fact that there is more differentiated
engagement in content in states with with more concentrated black populations we cannot test this
directly. Notwithstanding these limitations, we believe that this paper is a useful contribution in

understanding both how racial proxies can exist and be systematically biased in the digital world.
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Online Appendix: Supplementary Figures and Tables

Figure A-1: Sample Ad Image
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Detalled Targeting INCLUDE people who match at least ONE of the following

Browse

Education
Ethnic Affinity
African American (US)
Connections
Aslan American (US)
Hispanic (US - All)

Hispanic (US - Bilingual)

Hispanic (US - English dominant)

Hispanic (US - Spanish dominant)
bements

Figure A-2: Facebook Targeting by “Ethnic Affinity”

100

Number of Pages with Affinity Above Threshold

Slave State Non-Slave State

I sox I 100X
I 200X W 500X

Figure A-3: Number of Facebook Pages with High Affinity
Notes: This figure shows average number of Facebook pages with affinity scores above each threshold (50X, 100X,
200X and 500X). Affinity scores reflect the degree to which the target audience is more likely to like the page than
are Facebook users in general. A score of 500X means that target group members are 500 times more likely to like
the page. The maximum number of pages per group is 100.
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Table A-1: Population Differences between Slave and Non-Slave States

(1) (2) (3)
Slave State Non-Slave Diff.

Historical Black Share of State Pop. <1% 0.0 61.3 61.3%**
Historical Black Share of State Pop. 1-5% 5.9 35.5 29.6*
Historical Black Share of State Pop. 5-10% 5.9 3.2 -2.7
Historical Black Share of State Pop. 10-20% 11.8 0.0 -11.8
Historical Black Share of State Pop. >20% 76.5 0.0 -76.5%**
Current Black Share of State Pop. <1% 0.0 0.0 0.0
Current Black Share of State Pop. 1-5% 5.9 41.2 35.3**
Current Black Share of State Pop. 5-10% 5.9 32.4 26.5*
Current Black Share of State Pop. 10-20% 29.4 26.5 -2.9
Current Black Share of State Pop. >20% 58.8 0.0 -58.8***
Any HBCU in State 100.0 11.8 -88.2%**
Median Black Household Income (K) 45.6 48.2 2.6
Median White Household Income (K) 74.3 76.6 2.3
Black Household Income Mobility 32.6 34.8 2.2%*
White Household Income Mobility 42.8 46.7 3.9
Black Female Individual Income Mobility 40.9 41.1 0.3
Black Male Individual Income Mobility 38.9 39.7 0.8
White Female Individual Income Mobility 374 41.0 3.6%**
White Male Individual Income Mobility 46.7 50.9 4.2%%*
Black Prisoners Per K Pop. 11.9 11.5 -0.4
Total Prisoners Per K Pop. 5.1 3.5 -1.67**
Observations 17 34 51

Notes: Each state (plus the District of Columbia) is an observation. Historical population shares are from the 1870
Census counts for states and territories (and therefore exclude Alaska, Hawaii, and Oklahoma). Current population
shares are from the 2020 Census. Presence of historically black colleges and universities (Any HBCU) is for 2018.
Median household income is measured in thousands of dollars. Income mobility measures are the adult income rank
for a child born to parents at the 25th household income percentile. Data at the commuting zone from Chetty et al.
(2014) are aggregated to the state level using population weights. Prisoner counts are for state and federal facilities
from Carson (2018) and exclude DC. 4+ p < .1, * p < 0.05, ** p < 0.01, *** p < 0.001

25



Table A-2: Ad Reach Predicted by Population in Ethnic Group

Black Asian  Hispanic No Affinity
(1) (2) 3) (4)
Black Pop. (K) 1.829***
(0.131)
Asian Pop. (K) 7.107***
(0.547)
Hispanic Pop. (K) 1.073***
(0.103)
White Pop. (K) 0.586***
(0.0490)
Total Pop. (K) 0.0538*  -0.107*  0.119*** 0.103***
(0.0215)  (0.0544) (0.0307) (0.0239)
Observations 5376 5376 5376 5376
R-Squared 0.673 0.747 0.750 0.606
Dep. Var. Mean 22.80 25.58 21.20 29.24

Notes: This table relates ads reach (number of unique individuals shown the ad) for ads targeting different affinity
groups to the Census population of the targeted racial/ethnic group and the total Census population across groups
in the media market. Each observation is a gender (male or female) by age group (20-24 or 25-29) by media market
(192) by date (7) combination. Robust standard errors in parentheses. + p < .1, * p < 0.05, ** p < 0.01, ***

Table A-3: Ad Reach Predicted by (Single Race) Population in Ethnic Group

Black Asian  Hispanic No Affinity
(1) (2) (3) (4)
Black Pop. (K) 1.856***
(0.130)
Asian Pop. (K) 7.714%**
(0.651)
Hispanic Pop. (K) 1.073***
(0.103)
White Pop. (K) 0.586™**
(0.0490)
Total Pop. (K) 0.0760***  -0.0778  0.119*** 0.103***
(0.0202)  (0.0579) (0.0307) (0.0239)
Observations 5376 5376 5376 5376
R-Squared 0.674 0.732 0.750 0.606
Dep. Var. Mean 22.80 25.58 21.20 29.24
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Notes: This table relates ads reach (number of unique individuals shown the ad) for ads targeting different affinity
groups to the Census population of the targeted racial/ethnic group and the total Census population across groups
in the media market. Each observation is a gender (male or female) by age group (20-24 or 25-29) by media market
(192) by date (7) combination. Robust standard errors in parentheses. + p < .1, * p < 0.05, ** p < 0.01, ***



Table A-4: Ads Targeting Black Affinity Shown More in States with a History of Racial Injustice

(1) (2) (3) (4)
Reach Per Pop. Impressions  Reach Clicks
Slave State 0.196** 8.165™** 2.960** 0.0215**
(0.0757) (1.949) (0.920) (0.00781)
Population (K) 3.910%** 2.053***  0.00568***
(0.196) (0.0943)  (0.000601)
Observations 5376 5376 5376 5376
R-Squared 0.00365 0.624 0.671 0.152
Dep. Var. Mean 2.307 45.03 22.80 0.0612

Notes: This table examines ads targeting Black affinity. Each observation is a gender (male or female) by age group
(20-24 or 25-29) by media market (192) by date (7) combination. The outcome in column 1 is the ad reach (number
of unique individuals shown the ad) per thousand people in the Census population estimate for the corresponding
gender-age-race group in the counties that comprise the media market. Outcome variables in the remaining columns
are: impressions (number of times the ad was shown), reach, and clicks (the number of times that people clicked
on the link in the ad). Column 1 is weighted by population. The remaining columns are unweighted and include
controls for the estimated population. Robust standard errors in parentheses. + p < .1, * p < 0.05, ** p < 0.01, ***
p < 0.001
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Table A-6: Facebook Target Audience Size by State and Affinity

Black All
1) 2) 3) (4)
Imputed Dropped Non-Missing
Slave State 9.962* 9.733* 0.103*** 0.808
(3.890) (3.918) (0.0226) (17.04)
Population (K) 0.919***  0.914*** 0.00191***  0.942%**
(0.0644)  (0.0656) (0.000375)  (0.0677)
Observations 200 176 200 200
R-Squared 0.837 0.821 0.112 0.880
Dep. Var. Mean 36.35 41.30 0.880 222.8

Notes: This table reports separate regressions predicting Facebook audience size (in thousands), or missing audience
size, for state-gender-age groups with or without racial affinity targeting. Columns 1 to 3 are focused on Black affinity,
while column 4 is not restricted based on ethnic affinity. Column 1 imputes missing audience size with zero, while
column 2 omits those observations. The dependent variable in column 3 is an indicator for non-missing audience size.
Robust standard errors in parentheses. + p < .1, * p < 0.05, ** p < 0.01, *** p < 0.001

Table A-7: Costs of Engagement for Black and Other Affinity Groups

Black Affinity Only All Affinity Groups

Black or No Affinity

(1) (2) (3)
Click Cost Click Cost Click Cost
Black x Slave State -0.00214 0.0362 0.0689
(0.0622) (0.0788) (0.0790)
Population (K) 0.000236 -0.0000331 0.000496
(0.000634) (0.000241) (0.000307)
Black Affinity 0.0505 0.245***
(0.0691) (0.0699)
Slave State -0.0383 -0.0711
(0.0486) (0.0487)
Black x Pop. 0.000269 -0.000260
(0.000676) (0.000704)
Observations 291 1156 645
R-Squared 0.000465 0.00321 0.0715
Dep. Var. Mean 1.536 1.482 1.403

Notes: This dependent variable in this table is the costs per click (the objective of the campaign). Each observation
is a combination of gender (male or female), age group (20-24 or 25-29), media market (from 192 markets), and date
(7 days). Column 1 focuses on campaigns targeting Black affinity, while column 2 provides a comparison to all other
ethnic affinity target groups, and column 3 compares Black affinity to no affinity. Observations are missing when
clicks are zero and there was no spending in the market. Robust standard errors in parentheses. + p < .1, * p < 0.05,

** p < 0.01, ¥** p < 0.001
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Table A-8: Facebook Audience Size of High Page Affinity, Scaled to Population

Black All

(1) (2) (3) (4) () (6)
> 50X >100X  >200X  >50X > 100X > 200X

Slave State 9717 89.35"* 83.91** 2543  -23.090  -18.50
(17.71)  (17.19)  (17.23)  (17.89)  (17.30)  (14.73)

Observations 200 200 200 200 200 200

R-Squared 0.167  0.159 0.151  0.00746 0.00651  0.00783

Dep. Var. Mean 131.2 111.6 91.34 179.4 160.4 132.0

Notes: This table reports estimated Slave State coefficients from regressions of the average value (across groups within
each set of states) of the maximum audience size (across pages) for the target group for Facebook pages with affinity
scores above each threshold (50X, 100X, and 200X), divided by the Census population of the target demographic
group in the state. Robust standard errors in parentheses. + p < .1, * p < 0.05, ** p < 0.01, *** p < 0.001

Table A-9: Number of Facebook Pages with High Affinity

Black All
(1) (2) (3) (4) (5) (6)
> 50X > 100X > 200X > 50X > 100X > 200X
Slave State 32.40***  31.63***  28.19*** 0.0928 -2.886 -6.724
(3.942) (3.885) (4.659) (0.858) (2.498)  (4.363)
Observations 200 200 200 200 200 200
R-Squared 0.139 0.141 0.110 0.0000330 0.00694  0.0136
Dep. Var. Mean 75.19 72.00 64.88 96.27 90.90 83.89

Notes: This table reports the average number of Facebook pages with affinity scores above each threshold (50X,
100X, 200X and 500X). Robust standard errors in parentheses. + p < .1, * p < 0.05, ** p < 0.01, *** p < 0.001

Table A-10: Racial Targeting and Low Income Population Share

High Share Low-Income Low Share Low-Income

(1) (2)
Slave State 0.584*** -0.0326
(0.0833) (0.102)
Observations 2688 2688
R-Squared 0.0294 0.000106
Fraction Slave State 0.479 0.406

Notes: Dependent variable is ad reach (unique viewers) per thousand population. Sample is restricted to ads targeting
Black affinity. Each observation is a gender (male or female) by age group (20-24 or 25-29) by media market (192)

by date (7) combination. Regressions are weighted by population. Robust standard errors in parentheses. + p < .1,
* p < 0.05, ** p < 0.01, *** p < 0.001
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