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Abstract: Political advertising on social media has become a central element in election campaigns. However, granular information
about political advertising on social media was previously unavailable, thus raising concerns regarding fairness, accountability, and
transparency in the electoral process. In this paper, we analyze targeted political advertising on social media via a unique, large-scale
dataset of over 80 000 political ads from Meta during the 2021 German federal election, with more than 1.1 billion impressions. For
each political ad, our dataset records granular information about targeting strategies, spending, and actual impressions. We then study
(i) the prevalence of targeted ads across the political spectrum; (i) the discrepancies between targeted and actual audiences due to
algorithmic ad delivery; and (iii) which targeting strategies on social media attain a wide reach at low cost. We find that targeted
ads are prevalent across the entire political spectrum. Moreover, there are considerable discrepancies between targeted and actual
audiences, and systematic differences in the reach of political ads (in impressions-per-EUR) among parties, where the algorithm favor

ads from populists over others.

Significance: Social media platforms have become important tools for political campaigning worldwide. In our study of over 80k
political ads from the 2021 German federal election, we reveal extensive use of targeted political advertising across the full political
spectrum, significant discrepancies between targeted and actual audiences, and a systematic bias in the algorithmic delivery of ads
favoring populist parties. These findings highlight the complex relationship between digital campaigning strategies and democratic
processes, and caution about the potential for algorithmic biases to influence election campaigns. Overall, our work contributes
to a better understanding of targeted political advertising on social media and informs policymakers about the design of effective

regulatory frameworks to promote fairness, accountability, and transparency.
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INTRODUCTION

With around 4.6 billion users globally [48], social media platforms such as Facebook, Instagram, and Twitter/X have
become important tools for political campaigning worldwide [52]. For example, in the U.S., expenditure on online
political advertising rose from USD ~70 million in 2014 to USD ~1.8 billion in 2018 [26]. Similarly, politicians in Europe
have recognized the importance of social media for their campaigns. For instance, the majority of candidates in the
2021 German federal election believed that social media can influence voters [27].

An essential feature of advertising on social media is targeting, which allows advertisers to select specific user groups
and deliver tailored political messages to particularly receptive audiences [11, 28, 42, 52]. For example, campaigns
can send tailored ads that align with the interests of distinct voter groups [47], thus ensuring that their content
resonates with the unique political perspectives of each audience [25]. However, targeting in political advertising is
problematic [20, 34, 49]. First, targeting is concerning if parties cater ads to specific groups [33] or send conflicting

messages on political issues to different audiences [53]. Second, targeted ads are distributed by proprietary algorithms

that are beyond societal scrutiny and that may exhibit biases that influences the audience of specific ads [3, 4, 34, 40].

Third, privacy concerns are eminent given that political targeting heavily depends on potentially sensitive information
(e.g., ethnic origin, sexual orientation) to identify receptive audiences [5, 14, 37]. Essentially, the use of targeting raises

concerns regarding fairness, accountability, and transparency in electoral processes.

The concerns regarding democratic integrity have spurred calls to monitor political advertising on social media [21, 35].

However, granular information about political ads (e.g., impression counts, price per ad) is in the hands of proprietary
social media platforms and, so far, has been either unavailable or deemed imprecise [23, 41]. This lack of transparency
may prevent accountability for misconduct, which is particularly concerning given recent evidence suggesting that
political advertising on social media directly affects voter turnout [1] and vote choice [7, 18, 31]. As such, there is a
growing need to monitor targeted political advertising on social media to safeguard democratic integrity.

A combination of public pressure [26] and regulatory efforts (e.g., the Honest Ads Act in the U.S. [51] and the Digital
Services Act in the E.U. [24]) have pushed social media platforms to strengthen their transparency efforts around political
advertising. Indeed, Meta has launched the Meta Ad Library, which provides public access to all political and social ads
published on Facebook and Instagram, and allows researchers to study political advertising at scale [2, 15-17, 45] (see
Supplementary Material 1 for a comprehensive overview of the literature). However, existing analyses had only limited
access to political ads, since crucial information about targeting was missing. As such, it remains unclear how targeting
is used, how targeted ads are distributed, what the different targeting strategies behind political ads are, and how their
reach at a given budget varies.

There are good reasons to believe that parties adopt diverse targeting strategies [12, 25, 47]. Previous research on the
content of online political ads has shown that parties pursue different communication strategies [15, 38]. Some parties
advertise by particularly focusing on issues related to their base [15, 38] such as, for example, environmentalism in the
case of the Griine. In contrast, other parties avoid ads related to specific political issues [25, 38] and tend to publish
more “generic” ads, for example, introducing a candidate or calling to vote. Since the latter does not refer to a concrete
political issue, such ads may reach audiences across party boundaries, which may vary with respect to age, gender,
and interests [15]. As such, targeting may limit the political participation of disadvantaged groups due to a party’s
targeting strategy (differently from ads on broadcast media that can be received by all voter groups). Furthermore, there
is reason to expect that the algorithmic delivery of social media ads may introduce further bias [3, 4, 40], thus resulting

in differences between actual and intended audiences. For example, social media algorithms exhibit a tendency to target
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fewer women due to differences in advertising costs [40]. Such algorithmic bias can lead to discrimination as women
may be less frequently exposed to political campaigns and thus harm political participation. Moreover, such bias can
harm political competition when, for instance, some parties consistently pay higher prices for political ads, thus leading
to fairness issues.

In this paper, we analyze targeted political advertising on social media using a large-scale dataset with N = 81 549
political ad contracts (henceforth simply ads)! from Meta during the 2021 German federal election (see Supplementary
Material 2 for additional context on the election). Overall, these ads generated more than 1.1 billion impressions with
an overall cost of EUR 9.8 million. Our dataset provides a unique view of the targeting strategies that parties use across
the entire political spectrum, during an election with more than 60 million eligible voters. In particular, our dataset
comprises granular information about each ad, including targeting strategies, spending, and actual impressions, and
thus allows us to study targeted political advertising on social media.

Our analysis is three-fold: (i) We assess the prevalence of targeted political ads across the full political spectrum and
infer detailed targeting strategies used by political parties for their election campaigns. (ii) We evaluate discrepancies
between targeted and actual audiences due to algorithmic bias in the ad delivery and how such discrepancies vary
across parties. (iii) We analyze the characteristics of targeted ads with far reach at a given budget during elections, and

analyze whether parties are discriminated by algorithmic ad delivery in that they pay a higher price per impression.

RESULTS
Targeted political advertising during the 2021 German federal election

We analyze targeted political ads on Meta during the 2021 German federal election (see Supplementary Material 2
for additional context on the election) and compare how parties across the political spectrum use targeting for their
campaign purposes. Overall, we analyze N = 81549 political ads that generated more than 1.1 billion impressions
with an overall cost of EUR 9.8 million. For a breakdown of our dataset in terms of total number of ads, ad spending,
and impressions by party see Supplementary Material 3. The ads in our dataset are designed mostly to mobilize and
persuade voters and tend to focus on parties more broadly rather than candidates. Details are in Supplementary Material
4 and Supplementary Material 5.

Targeting has spurred concerns regarding political advertising on social media [22, 49]. However, it is unclear to what
extent parties use targeting during election campaigns. Throughout the paper, we consider an ad to employ “targeting”
if it uses any targeting category available to advertisers on Meta in addition to demographics (i.e., gender and age) and
location (since the latter must always be specified in the ad creation). For details, see Section “Materials and methods.”

To analyze the prevalence of targeted political ads on Meta during the 2021 German federal election, we start by
quantifying the number of targeted ads. In the run-up to the election, 72.3 % of all ads used targeting, which corresponds
to 72.6 % of the total ad spending on Meta during the election. This highlights the importance of targeted ads for political
campaigns on social media.

Meta allows advertisers to target users based on various targeting categories (see Supplementary Material 8 for an
overview). We expect that some targeting categories are more popular than others and thus study how the campaign
budget is distributed between categories. Fig. 1 shows the top-10 targeting categories in terms of spending across all
parties. We find that parties tend to use exclusion rather than inclusion criteria to target users. This result suggests

that most parties rely on broad audiences and allow Meta to optimize ad delivery among users. To define inclusion

! Advertisers on Meta may purchase ads with the same creatives (i.e., content, image, etc.) multiple times. Therefore, we use ‘ad’ to refer to the specific ad
contract, including its timing, budget, and targeting settings besides its creative parts.
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Fig. 1. Top-10 targeting criteria by total spending.

criteria, parties largely rely on so-called interests (e.g., social equality, environmentalism, and international relations),

behaviors (e.g., early adopters of new technology, commuters, international travelers), or employers (e.g., business
owners, police officers, Ford Deutschland). Parties also frequently define a specific list of users to be targeted (“Custom”)
or an audience that is similar to a previously defined target group (“Lookalike”). Lastly, parties commonly target users
based on their location. For example, 88.72 % of the ads have a precise location targeting (beyond Germany). Overall,
these results show that parties employ a wide variety of targeting strategies. For a breakdown of the top-10 targeting
criteria by party see Supplementary Material 3.

We now study the reach of political ads at a given budget. To do so, we focus on the number of impressions an
ads generates per EUR spent (henceforth simply impressions-per-EUR). Political parties employ different campaign
strategies on social media [38], which may also lead to differences in the impressions-per-EUR of political ads. We
thus compare impressions-per-EUR across political parties and test for statistically significant differences using a
Kruskal-Wallis test [39]. The results are in Fig. 2a and b. We find that impressions-per-EUR significantly differs across
parties (p < 0.05). On average, political ads generate 126.71 impressions-per-EUR. However, the Griine receives, on
average, only 36.18 impressions-per-EUR. In contrast, ads published by the FDP and the AfD are considerably more
efficient, reaching, on average, 181.53 and 203.49 impressions per EUR, respectively. In summary, impressions-per-EUR
of social media ads varies greatly across the political spectrum.

Given the high prevalence of targeted ads, we also compare impressions-per-EUR for targeted ads and ads without

targeting. Our results are mixed (see Fig. 2c). While targeted ads achieve, on average, more impressions-per-EUR

compared to ads without targeting for the Linke, FDP, and AfD, the opposite is true for the Griine, SPD, and Union.

Performing multiple pairwise Kruskal-Wallis tests with Benjamini-Hochberg correction based on a family-wise error
rate (FWER) of FWER = 0.05, we find that these differences are all statistically significant (p < 0.05). Generally, targeting
may result in less impressions-per-EUR than ads without targeting in terms of impressions per EUR. This may be due

to more narrow and thus more expensive targeting, or to an audience for which targeting is more expensive.
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Fig. 2. a; Distributions of impressions-per-EUR across the ads of each party. An orange cross indicates the mean of the
distribution. b; Difference between average impressions-per-EUR of a party and average impressions-per-EUR in the
overall sample. c; Distribution of impressions-per-EUR across the ads of each party. An orange cross indicates the mean
of the distribution.
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Discrepancies between targeted and actual audiences

Previous research has shown that algorithmic ad delivery can lead to discrepancies between intended and actual
audiences on Meta [3, 4]. This may be concerning if algorithmic ad delivery would propagate existing biases in voting
patterns that restrict the reach of a party among a certain population, and thus hamper fair electoral competition. For
example, some parties (e.g., Griine) tend to receive more votes from younger female audiences while others are more
popular among older male audiences (e.g., AfD). We thus explore potential discrepancies between the demographic
distribution of the intended (=targeted) and the actual audience reached by political campaigns due to the algorithmic
ad delivery. Meta does not provide detailed information on the actual audience with respect to other targeting criteria,
which is why we focus on age and gender. These demographic characteristics are nevertheless important determinants
for a plethora of life outcomes and ideological stances [32].

Let us first focus on age (Fig. 3). For each party, we compute the proportion of actual impressions generated by
different age buckets, where we weight each ad by the amount of money spent. We refer to this vector as the actual
audience of an ad. Similarly, we compute the proportion of targeted impressions by different age buckets, where we
again weight each ad by the amount of money spent. This vector is the target audience of an ad. Fig. 3a shows the
discrepancy (percentage difference) between the actual and target audience. All parties reach an actual audience that is
younger than the one targeted, except for the far-right AfD which generally reaches an older audience. We also compute
the Wasserstein distance WS (see SI for details) to quantify the difference (in years) between the age distribution of
actual and target audiences for all parties. It yields: Linke = 4.69, Griine = 6.35, SPD = 4.61, FDP = 5.18, Union = 5.69,
and AfD = 4.89. Overall, the Linke and the SPD show the smallest discrepancy between the targeted and actual audience,
while the Griine exhibits the largest one. Fig. 3b shows the values for actual and target for the AfD, thereby highlighting
in red (green) the age buckets where the actual audience is smaller (larger) than the targeted one.

We repeat the procedure above to compute the variables for the actual and target audience of an ad by gender. For all
parties, there is a large discrepancy between the targeted vs. actual audience in terms of gender, with ads shown to fewer
female users than intended, except for the Griine (see Fig. 3c). This is particularly pronounced for right-wing parties
such as the Union and the AfD. For example, the AfD reaches 12.91 % more male individuals than originally targeted.
Interestingly, the Griine is the only party for which the opposite is true: its ads reach 5 % more female individuals and
8 % fewer male individuals than targeted. To quantify the discrepancies in the gender distribution between actual and
target audience, we again compute the Wasserstein distance for each party: Linke = 2.35, Griine = 6.55, SPD = 3.27,
FDP = 7.81, Union = 7.95, and AfD = 13.35, which corroborate the previous observations.
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Fig. 3. a, Discrepancy in the age distribution between the actual and target audience (in %). We find that ads by most
parties (except AfD) are seen by more users between 25-34 than originally intended. b, Comparison of actual and target
audience by age for political ads published by AfD. A red color indicates areas where the difference between the actual
and targeted audience is negative (green for positive). Younger and older users see the ads less often than originally
intended by the party. c, Discrepancy in the gender distribution between the actual and target audience (in %). We find
large differences between male and female audiences for right-wing parties (e.g., Union, AfD), implying that ads are seen
by considerably fewer females than originally intended due to the algorithmic ad delivery.

Systematic differences in impressions-per-EUR across parties

Regression analysis. To evaluate how key aspects of online political advertising are associated with impressions-
per-EUR, we perform a regression analysis. For this, we estimate three separate linear regression models that focus
on different determinants for impressions-per-EUR, namely, (1) targeting strategies, (2) demographics, and (3) ad
characteristics (see Materials and methods for methodological details).

(1) Targeting strategy: Our first regression model assesses how targeting strategies are related to impressions-per-EUR
(see Fig. 4a). Ads that use more targeting criteria are linked to lower impressions-per-EUR as indicated by the negative
and statistically significant coefficients for “No. Include criteria” (p < 0.05) and “No. Exclude criteria” (p < 0.05).

This link is particularly strong for exclusions, where, all else equal, an additional 18.49 excluded criteria predicts a
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decrease of 68.37 impressions-per-EUR. Our regression results further show that targeting has a heterogeneous effect on
impressions-per-EUR. For example, the usage of the targeting categories “Behaviors (Include)” and “Interests (Exclude)”
is associated with considerably more impressions-per-EUR as indicated by a positive and significant coefficient (p < 0.05).
In contrast, the negative and significant coefficient for “Employers (exclude)” and “Interests (include)” suggest that
exclusion criteria for employers or inclusion criteria for interests correspond to lower levels of impressions-per-EUR.
Interestingly, excluding custom audiences is linked to higher ad efficiency, while excluding lookalike audiences is
negatively associated with ad efficiency as shown by a positive and statistically significant coefficient for “Custom
audience (exclude)” (p < 0.05) and a negative and statistically significant for “Lookalike (exclude)” (p < 0.05). Given
that ad delivery heavily relies on Meta’s algorithm, more transparency would be crucial to explain these findings.

(2) Demographic segments: Our second regression model evaluates how different demographics explain impressions-
per-EUR. The regression results are in Fig. 4b. We find a positive and statistically significant coefficient for “Female”
(p < 0.05) and “Male” (p < 0.05), suggesting that targeting only female or male audiences rather than all genders
is associated with more impressions-per-EUR. All else equal, only targeting users from a single gender predicts, on
average, an additional 43.90 (“Female only”) and 38.08 (“Male only”) impressions-per-EUR. Furthermore, the coefficients
for Age: 18-24, Age: 25-34, and Age: 45—-54 are positive and statistically significant (p < 0.05), while the coefficients for
Age: 35-44, and Age: 65+ are negative and statistically significant (p < 0.05). As such, addressing younger audiences is
linked to more impressions-per-EUR except for the age group between 35-44.

(3) Ad characteristics: In our third regression model, we study how ad characteristics are linked to impressions-per-
EUR (Fig. 4c. For example, the timing and content of an ad explain its impressions-per-EUR. In particular, ads that are
online for a longer period and published earlier in the week tend to receive more impressions-per-EUR as indicated
by the positive and statistically significant coefficient for Duration (p < 0.05) and Tuesday (p < 0.05) as well as the
negative coeflicients for the other weekdays. As such, all else equal, for each extra week that an ad remains online
our model predicts 24.98 additional impressions-per-EUR. When assessing the link between impressions-per-EUR and
whether a candidate has published an ad, we do not find a statistically significant coefficient (p = 0.31). However, the
party dummy is an important determinant of impressions-per-EUR. In particular, ads published by the AfD are linked
to more impressions-per-EUR compared to all other parties, which is seen by the negative and statistically significant
coefficient for all other party variables (p < 0.01). All else equal, ads by the AfD reach +148.88, +99.86, +91.09, +81.97,
and +21.25 additional impressions-per-EUR compared to the Griine, SPD, Union, Linke, and FDP, respectively.

Of note, sentiment, weekday, platform dummy, and party dummy are categorical variables. Hence, they need a
reference condition to include them in our regression model. The coefficients of these variables should be interpreted
relative to the reference categories. In this analysis, we chose “neutral” sentiment, “Monday”, “both platforms”, and
“AfD” as reference categories.

We further conducted two additional analyses, which are motivated by the fact that larger competition may influence
ad impressions. Generally, we expect competition among political ads to be small given that political ads represent
only a small fraction out of all ads on Meta. Nevertheless, we perform two analyses where we control for the time-to-
election-day and the number of competing political ads. We find that publishing ads earlier in the campaign is related
to higher levels of impressions-per-EUR. Furthermore, higher competition in terms of more active ads at the publishing
day is negatively related to impressions-per-EUR. Of note, all other results remain consistent with our main analysis
except for the coefficient of negative sentiment, which is no longer statistically significant. Details are in Supplementary
Material 6.
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Sentiment, weekday, platform dummy, and party dummy are categorical variables, and the reference categories are
“neutral” sentiment, “Monday”, “both platforms” and “AfD”.

Machine learning approach. We now employ a machine learning approach to predict the reach of political ads for a
given budget based on the information provided by Meta. The rationale for this design is two-fold. (1) If the available
information in the Meta Ad Library and the Meta Ad Targeting Dataset is sufficiently complete, we should be able
to make accurate predictions of impressions-per-EUR given the available features. In other words, a low prediction
performance suggests that other unobserved features explain the heterogeneity in the reach of different ads for a given
budget (e.g., factors related to the algorithmic delivery of ads), but these features are not captured in the dataset and
are thus not available for external stakeholders. Hence, this can provide a glimpse into the transparency provided by
the available data. (2) The machine learning predictions can also be used to examine empirically whether there are
systematic differences between the predicted and actual reach of an ad for a given budget, across different political
parties. In other words, if a party consistently receives more views for a given budget than others targeting the same
audience, this could indicate that the algorithmic delivery of ads is advantaging said party, which would undermine fair

competition.
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We fit a random forest model [10] by using all variables from our regression analysis related to key determinants
of the reach of an ad for a given budget, namely, (1) targeting strategies (e.g., the type and frequency of targeting
categories), (2) demographics (age, gender of target group), and (3) ad characteristics (e.g., sentiment of an ad, ad
duration, publishing party). In addition, we use the full set of targeting variables and add variables that indicate whether
(i) the advertisers supplied a data file to include/exclude a custom audience and (ii) the data supplied by the advertisers
to include/exclude a custom/lookalike audience was complete. For a full list of variables see Materials and methods. To
measure the reach of an ad for a given budget, we again rely on the number of impressions generated per EUR spent
(i.e., impressions-per-EUR). Details on the implementation are in Materials and methods.

Our model achieves an average root mean squared error RMSE = 123.79 over 10 runs (+ a s.d. of 4.21) when predicting
impressions-per-EUR on the hold-out set. More importantly, our model can only explain a fraction of the variance in
our data (R? = 0.40 + a s.d. of 0.02 over 10 runs). The low R? suggests that the available information about targeting
strategies, demographics, and ad characteristics is not sufficient to fully characterize the impressions-per-EUR of the ad
campaign.

Next, we compute the mean difference between the predicted and actual impressions-per-EUR across parties. This
measure indicates whether specific parties consistently achieve more or fewer impressions-per-EUR while controlling
for all other available sources of heterogeneity in targeting strategies, demographics, and ad characteristics. Fig. 5
shows that most left-leaning parties (i.e., the Griine and the SPD, except for Linke) and Union consistently achieve
fewer impressions-per-EUR than predicted by our model. In contrast, the FDP and AfD, on average, receive 12.83
and 2.81 additional impressions per EUR, respectively. This result implies a relative advantage of 10.13 % and 2.22 %
in impressions-per-EUR compared to the average ad that achieves 126.71 impressions-per-EUR. Overall, our results

suggest that the algorithmic delivery of political ads may advantage specific parties.

Linke |
Griine L
SPD ‘Wi
FDP /]
Union b~
AfD APy eerereees

-2 0 2 4 6 8 10 12
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Fig. 5. Average difference between actual vs. predicted impressions-per-EUR based on our machine learning model over
10 runs.

We perform a series of checks to ensure the robustness of our results. First, we train an XGBoost model using
the same training procedure as outlined for the random forest model. Second, we check the heterogeneity of our
results across platforms and re-train our random forest model by using political ads that were solely published on
(i) Facebook and (ii) Instagram. Across both checks, our main findings regarding (1) and (2) remain consistent. Details

are in Supplementary Material 10.

DISCUSSION

Targeted political advertising on social media has raised significant concerns regarding fairness, accountability, and

transparency among researchers, policymakers, and society at large. Given the known and significant impact of political
10
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advertising on voter turnout and vote choice [1, 7, 18, 31], it is crucial to analyze how parties across the political
spectrum employ targeting during election campaigns, and inform policymakers on the implications of targeted political
advertising for democracies.

Our findings contribute to the existing literature on political advertising on social media by providing evidence of the
prevalence of targeting across the political spectrum. While social media was found to be an essential communication
channel for parties during election campaigns [15, 25, 38], it was previously unclear whether and how parties make use
of targeting.

Targeting was used in 72.3 % of all ads published on Meta during the 2021 German federal election. In fact, parties rely
on a wider range of targeting categories available to advertisers on Meta. For example, a majority of campaign budget
is spent for ads that exclude users based on so-called interests (e.g., social equality, environmentalism, and international
relations), behaviors (e.g., early adopters of new technology, commuters, international travelers), or employers (e.g.,
business owners, police officers, Ford Deutschland). We further find significant differences in the reach of ads at a given
budget. For example, the far-right AfD achieves significantly more impressions-per-EUR compared to other parties.

Our results further show that the algorithms of the platforms drive—to a large extent—who views an ad, which can
lead to discrepancies between the intended (targeted) and actual audience. Indeed, we find considerable discrepancies
between both. For instance, the Griine reaches considerably more female users than intended, while the Union and
the AfD reach a larger male audience than intended. Algorithmic bias in the delivery of political ads may amplify
stereotypes associated with vote choices among distinct segments of the electorate. In fact, previous research has
shown that algorithmic bias is responsible for systematically delivering ads based on gender stereotypes, but in a job
context [40]. This aligns with the fact that the Griine traditionally receives more support from female voters compared
to both the Union and the AfD, which more strongly depend on male voters.

The results of our regression analysis provides evidence for significant heterogeneity in the impressions-per-EUR
of targeted ads. For example, ads targeting only a single gender achieve significantly more impressions-per-EUR.
This may be due to a higher level of personalization but also raises concerns on whether algorithmic bias propagates
gender-specific ads particularly well. Moreover, ads by Griine receive considerably fewer impressions-per-EUR than
other parties. Given that their voters have an above-average income targeting them may be more costly than the
average. In contrast, ads published by the AfD generate the most impressions-per-EUR. This could be explained by the
fact that incendiary political issues promoted by populist parties (e.g., anti-immigration), tend to attract high attention
on social media [8, 15, 36].

Finally, the results of our machine learning approach show that detailed information on targeting strategies, demo-
graphics, and ad characteristics cannot fully explain the reach of an ad for a given budget in terms of impressions-per-EUR.
This finding indicates that current transparency measures do not suffice to evaluate how proprietary algorithms deliver
political ads. In fact, we find systematic differences between predicted and actual impressions-per-EUR, which is
particularly wide for the far-right AfD. This gap is concerning as it possibly indicates the presence of algorithmic biases
that may favor populist ads.

As with other research, ours is not free from limitations that offer opportunities for future work. We focus on the
2021 German federal election; extending our results to other countries is important for generalizability. Nevertheless,
the federal structure in Germany is similar to other countries, and the election is comparatively large, with more than
60 million eligible voters and candidates from parties across the political spectrum [13]. Our analysis is based on a
unique, large-scale dataset that is proprietary and, as such, offers granular insights. However, more research is needed

to assess the accuracy of the Meta Ad Library [23]. Furthermore, the effects of algorithmic ad delivery are not yet
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20z aunp Lz uoisanb Aq 81 /669///yzoebd/snxauseud/ge0 L 01 /10p/a]01B-20UBAPE/SNXBUSEBUd/WO02 dno-olwapese//:sdjy woly papeojumoq



fully understood and may require further data disclosure by platforms. For instance, Meta only offers specific audience
details related to age and gender, without providing comprehensive pricing information. This lack of data precludes a
broader analysis of how pricing mechanisms vary and the discrepancies between the targeted and actual audiences. We
thus encourage future research to focus on pricing mechanisms for political ads on social media and more granular
analyses of actual and targeted audiences. Lastly, while our current focus is on targeting, we also provide insights on
the purpose (see Supplementary Material 4) and focus of ads (i.e., candidates vs. parties; see Supplementary Material
5). Here, interdisciplinary approaches combining computational methods and theory from political science [6] could
expand our analysis on the communication strategies employed by various parties on social media beyond targeting.

Our results contribute to the political science literature by shedding light on the prevalence of targeting during
real-world elections. Targeting is highly prevalent in political campaigns and allows parties to focus on specific voter
segments. This result mandates additional efforts by researchers to unravel the impact of targeted political advertising
on society.

Our results have further implications for parties and policymakers. For parties, we provide valuable insights into
the delivery mechanisms of targeted ads on social media. For policymakers, our research emphasizes the necessity to
intensify auditing and regulation regarding political advertising on social media. The discrepancies between actual and
targeted audiences that we identified potentially originate from algorithmic bias that favors certain voter segments.
This is concerning as such bias may harm political participation and reinforce discrimination against disadvantaged
groups.

Policymakers should pay particular attention to addressing these issues in regulatory frameworks and hold platforms
accountable for ensuring fairness, accountability, and transparency in political advertising. For example, previous
research [50] recommends that platforms make adaptations to the auction mechanisms to subsidize political advertisers
or provide quotas in combination with separate auctions for political and commercial advertisers to lower competition
for political advertisers. Policymakers could also require randomization of ad delivery among the target population as
discussed by the European Parliament [19], thereby preventing discrimination due to algorithmic bias. Most importantly,

policymakers should incentivize additional transparency measures. For example, current measures are insufficient to

evaluate how the platform’s pricing mechanism influences ad delivery, limiting independent assessment by researchers.

Mandatory disclosure of information about click rates could help to better understand the effectiveness of social media
ads. Overall, there is a pressing need for policymakers to mandate such disclosures, allowing for third-party monitoring

and contributing to a more accountable system of political advertising on social media.

MATERIALS AND METHODS

Data

We collect N = 81 549 political ads from the 2021 German federal election published by candidates and parties (including
their youth organizations) on Facebook and Instagram. Specifically, we first obtain all ads with a starting day in the

period [2021-07-01, 2021-09-26] from the Meta Ad Library API [43]. We then filter ads where the sponsor or page name

matches any of the six major parties (i.e., Linke, Griine, SPD, FDP, Union, and AfD) or one of their candidates running for

office.? Of note, advertisers on Meta may purchase ads with the same creatives (i.e., content, image, etc.) multiple times.

Therefore, we use the term ‘ad’ to refer to a single ad contract, including its timing, budget, and targeting settings
besides its content.

2For detailed election results, see www.bundeswahlleiterin.de/en/bundestagswahlen/2021/ergebnisse.html
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The Meta Ad Library API provides detailed information about content, page/sponsor name, money spent, start and
stop dates, and the number of impressions distributed across gender and age (i.e., in buckets corresponding to 18-24,
25-34, 35-44, 45-54, 5564, 65+ years). It also indicates whether an ad was published (a) only on Facebook, (b) only
on Instagram, or (c) simultaneously on both platforms. For ad spending and the number of impressions, Meta only
reports discretized buckets. Following previous research [2, 7, 15-17, 25], we average the maximum and minimum of
each bucket to obtain conservative point estimates of the ad spending and the number of impressions per ad. A full list
of variables is available in Supplementary Material 7.

We further use the Meta Ad Targeting Dataset [44] to access ad targeting information. The Meta Ad Targeting Dataset
contains targeting information on all social issue, electoral, and political ads published after August 3, 2020, on Facebook
or Instagram [44]. The dataset can be accessed after approval by Meta via https://developers.facebook.com/docs/ad-
targeting-dataset. We accessed the dataset in August 2023 and queried targeting information for all N =81 549 political
ads retrieved from the Meta Ad Library API based on the unique ad ids. In particular, we queried information about the
users’ demographics (age and gender) targeted by each ad, as well as additional targeting categories such as interests,
behaviors, jobs, or locations. Throughout the paper, we consider an ad to employ “targeting” if it uses any category
provided in the dataset in addition to demographics (i.e., gender and age) and location (since the latter must always be
specified in the ad creation). We further choose to ignore the “Include location” category, which is defined by default
for every ad (e.g., “Germany”), but we do consider “Exclude location” (only present for a very small minority of ads
= 3.35%). Targeting information for each ad is specified in groups of categories (e.g., “Interests” such as Politics and
Environment), and the ad will include/exclude people that match at least one category in each group. We notice that the
majority of the “include” conditions in our data contains 1-2 groups, while all “exclude” conditions contain a single
group. For a comprehensive overview of the targeting information provided in the dataset, see Supplementary Material

8. For an example ad with targeting information see Supplementary Fig. S4.

Wasserstein distance

Following Capozzi et al. [15], we compute the Wasserstein distance WS to quantify discrepancies between the demo-
graphic distribution (i.e., age and gender) of the Target and Actual audience of an ad. The WS distance, also known as
the earth mover’s distance (EMD) or Kantorovich-Rubinstein distance, is a measure of the dissimilarity between two
probability distributions. It quantifies the minimum cost required to transform one distribution into another, where
the cost is determined by the amount of “mass” that needs to be moved from each point in one distribution to its

corresponding point in the other distribution. We compute it using the scipy Python library, which is based on the

+o0
I (u,0) =/ U -v|

(o)

following formula:

where u and v are the two distributions to compare, and U and V the respective cumulative distribution functions.

Regression analysis

We hypothesize that targeting affects the impressions-per-EUR of political ads on social media. We thus use regression
analysis to study what factors drive the reach of an ad at a given budget for political advertising on social media. To
measure the reach of an ad, we rely on the number of impressions an ad generated per EUR spent (or simply impressions-

per-EUR). Let y; denote impressions-per-EUR for an ad i, and let x; refer to a vector with different characteristics
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belonging to that ad. We then estimate the following linear regression model
yi=a+flx, (1)

where a represents the model intercept, and  measures the associations between the variables in x; and y;. For
estimation, we use ordinary least squares regression (OLS) and test whether the coefficients are significantly different
from zero using two-sided t-tests. To facilitate the interpretability of our results, we further z-standardize all numerical
variables in x. Hence, we interpret our coefficients as follows: For numerical variables, a one standard deviation increase
in x predicts an increase in the reach of an ad at a given budget by f impressions-per-EUR. For dummy variables, a
dummy variable in x set to one predicts an increase in the reach of an ad at a given budget by f impressions-per-EUR.

We use three different regression models to analyze how impressions-per-EUR varies across ads. To do so, we use a
comprehensive set of variables available to us in the Meta Ad Library or the Meta Ad Targeting Dataset that represent
three key determinants of impressions-per-EUR. In particular, we focus on (1) different targeting strategies, (2) different
demographics, and (3) different ad characteristics. We estimate separate models for each of these dimensions to avoid

multicollinearity [46] and facilitate interpretability.

Targeting strategy: To assess the role of targeting strategies as a determinant of impressions-per-EUR, we compute two
variables that correspond to the overall number of inclusion and exclusion criteria. The hypothesis is that more
granular targeting may incur higher costs. Further, we consider which targeting categories have been used by a party.
Here, we include two variables for each targeting category available to advertisers on Meta that indicate whether a
certain category was used (= 1 if the category was used, and = 0 otherwise) to distribute an ad. The first (second)
variable indicates whether users should be included (excluded) from the audience based on the corresponding
targeting category. Supplementary Table S3 lists all targeting categories available to advertisers on Meta. Targeting
categories are often employed together. To improve interpretaiblity and mitigate multicollinearity concerns, we
thus focus on the top-10 targeting categories (by total spending). The top-10 targeting categories (by total spending)

are shown in Supplementary Figure S1.

Demographics: To study which demographics are linked to higher impressions-per-EUR, we include whether an ad is
targeting only users from a single gender (i.e., only female or male users; = 1 if yes, and = 0 otherwise) as well as
the share of targeted users across different age groups (i.e., 18-24, 25-34, 35-44, 45-54, 55-64, 65+).

Ad characteristics: Ad characteristics are likely to influence the reach of political ads at a given budget. Hence, we study
how (i) content, (ii) timing, (iii) the platform an ad was published on, and (iv) the publisher of an ad is linked to
impressions-per-EUR. (i) Content: We thus analyze the sentiment conveyed by an ad and classify the content of
each ad as “positive”, “neutral”, or “negative”. We use German Sentiment Bert, a state-of-the-art transformer-based
sentiment model for German text that was trained on 5.4 million labeled samples [30]. (ii) Timing: We analyze
whether launching an ad on specific weekdays is beneficial and how ad duration (i.e., the timespan an ad remains
online) relates to impressions-per-EUR. (iii) Platform: Platform characteristics such as audience, user behavior, and ad
competition can influence political campaigning [9]. Hence, we study the association between impressions-per-EUR
and the platform on which an ad was published, by using dummy variables to encode whether an ad was published
on Facebook, Instagram, or both platforms simultaneously. (iv) Publisher: In the context of the German dual-vote
system, which features both party and candidate votes, political science literature shows the role of both party and

candidate behavior in shaping voter perceptions [29]. These perceptions may affect the impressions-per-EUR of ads
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authored by different party and candidate pages. Thus, we encode the different parties using dummy variables. We

further encode whether the ad was distributed through a candidate’s page (= 1 if yes, and = 0 otherwise).

Sentiment, weekday, platform dummy, and party dummy are multi-level categorical variables. Hence, we have to
choose a reference condition to include them in our regression model and interpret the coefficients relative to the
reference categories. In analysis, we choose “neutral” sentiment, “Monday”, “both platforms”, and “AfD” as reference

categories.

Machine learning approach

Objective: We employ a machine learning approach to evaluate whether we can predict the the reach of an ad for a
given budget as measured by impressions-per-EUR. The aim is two-fold. (1) We study whether a machine learning
model can accurately predict impressions-per-EUR of ads based on the information provided in the Meta Ad Library
and Meta Ad Targeting Dataset. A high prediction performance implies that the provided information is sufficient
to understand the ad delivery mechanisms of the platforms. Vice versa, a low prediction performance suggests the
presence of unobserved confounders that explain the observed heterogeneity but which are currently unavailable for
external audits. (2) We analyze the difference between predicted and actual impressions-per-EUR across parties. In a fair
environment, we would expect no systematic differences in terms of impressions-per-EUR between different parties. In
contrast, if a party consistently receives more views at a given budget than others targeting the same audience, this

could indicate that the algorithmic delivery of ads is advantaging said party, which would undermine fair competition.

Features: For our machine learning model, we use all variables from our regression model that represent key de-
terminants of impressions-per-EUR: (1) different targeting strategies, (2) different demographics, and (3) different ad
characteristics (see above).

In addition, we use the full set of targeting variables (see Supplementary Table S3 for a full list) and add variables
that indicate whether (i) the advertisers supplied a data file to include/exclude a custom audience (= 1 if the a data file
was supplied, and = 0 otherwise) and (ii) the data supplied by the advertisers to include/exclude a custom/lookalike
audience was complete (= 1 if the data was complete, and = 0 otherwise).

Implementation: We (1) study whether machine learning can accurately predict impressions-per-EUR based on the
above variables and (2) analyze the difference between predicted and actual impressions-per-EUR. To do so, we fit a
random forest model [10] by using all features from above. We split our data into a training (80 %) and a hold-out set
(20 %) for evaluation, and tune the model via 10-fold cross-validation in combination with a grid search (see below).
To control for the number of ads published by each party, we weigh observations inverse proportionally to the ad

frequency by party in our training set when fitting the model. We further z-standardize numeric variables.

Hyperparameter tuning: For the training of the random forest model, we use 10-fold cross-validation in combination
with a grid search. In particular, we vary (1) the number of trees used for a forest (N estimators), (2) the number of
variables to consider at each split (Max features), (3) maximum depth of the tree (Max depth), (4) minimum samples to
split a node (Min node), (5) minimum samples in a leaf (Min leaf), and (6) whether to bootstrap samples when building

trees (Bootstrap). Details on the hyperparameter tuning are in Supplementary Material 9.

Evaluation: We evaluate the predictive power of our model based on the average root mean squared error (RMSE)

over 10 runs with different seeds. We further rely on the R? to determine how well our set of variables is able to explain
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variance in impressions-per-EUR. We compute the R? via
B 2 (i =) (x — %)
VI i = 9B (i - )2

where n is the number of observations, with x; referring to a vector with different ad characteristics and y; representing

RZ

@

predicted impressions-per-EUR, and § and x as their respective means. In a fully transparent setting, we would expect
the R? to be close to 1.

20z aunp Lz uoisanb Aq 81 /669///yzoebd/snxauseud/ge0 L 01 /10p/a]01B-20UBAPE/SNXBUSEBUd/WO02 dno-olwapese//:sdjy woly papeojumoq



Systematic discrepancies in the delivery of political ads on Facebook and Instagram

AUTHOR CONTRIBUTIONS

DB, FP, GDFM, and SF contributed to conceptualization. DB and FP contributed to data analysis. DB, FP, GDFM, and SF

contributed to results interpretation and manuscript writing. DB, FP, GDFM, and SF approved the manuscript.

COMPETING INTERESTS

The authors declare no competing interests.

DATA AVAILABILITY STATEMENT

Code availability: All code to replicate our analyses is available via our GitHub repository at https://github.com/
DominikBaer95/auditing_targeted_political_advertising.

Data availability: All data used for the analysis is publicly available. Data on political ads on Facebook and Instagram
is available via the Meta Ad Library: https://www.facebook.com/ads/library/. Targeting data is available via the Meta
Ad Targeting Dataset: https://developers.facebook.com/docs/fort-ads-targeting-dataset/. To ensure reproducibility,
we provide ids for all ads in our dataset, which can be used to retrieve the original data through Meta Ad Library
(both through the API and with the web interface by simply using the id as query) via our GitHub repository at
https://github.com/DominikBaer95/auditing_targeted_political_advertising. Due to Meta’s ToS we cannot share any

further information.

FUNDING INFORMATION

FP is partially funded by the European Union (NextGenerationEU project PNRR-PE-AI FAIR), the Italian Ministry of
Education (PRIN PNRR grant CODE and PRIN grant DEMON). This manuscript reflects only the authors’ views and
opinions, and funding bodies are not responsible for them.

ACKNOWLEDGMENTS

This manuscript was posted on a preprint server: https://arxiv.org/abs/2310.10001

20z aunp Lz uoisanb Aq 81 /669///yzoebd/snxauseud/ge0 L 01 /10p/a]01B-20UBAPE/SNXBUSEBUd/WO02 dno-olwapese//:sdjy woly papeojumoq


https://github.com/DominikBaer95/auditing_targeted_political_advertising
https://github.com/DominikBaer95/auditing_targeted_political_advertising
https://www.facebook.com/ads/library/
https://developers.facebook.com/docs/fort-ads-targeting-dataset/
https://github.com/DominikBaer95/auditing_targeted_political_advertising
https://arxiv.org/abs/2310.10001

REFERENCES

(1]

[10]
(1]

[12]

[13]
[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]
[22]

[23]

[24]

[25]

[26]

[27]

Minali Aggarwal, Jennifer Allen, Alexander Coppock, Dan Frankowski, Solomon Messing, Kelly Zhang, James Barnes, Andrew Beasley, Harry
Hantman, and Sylvan Zheng. 2023. A 2 million-person, campaign-wide field experiment shows how digital advertising affects voter turnout. Nature
Human Behaviour 7 (2023), 332-341.

Laurenz Aisenpreis, Gustav Gyrst, and Vedran Sekara. 2023. How do US congress members advertise climate change: An analysis of ads run on
Meta’s platforms. In ICWSM.

Muhammad Ali, Piotr Sapiezynski, Miranda Bogen, Aleksandra Korolova, Alan Mislove, and Aaron Rieke. 2019. Discrimination through optimization:
How Facebook’s ad delivery can lead to biased outcomes. In CSCW.

Muhammad Ali, Piotr Sapiezynski, Aleksandra Korolova, Alan Mislove, and Aaron Rieke. 2021. Ad delivery algorithms: The hidden arbiters of
political messaging. In WSDM.

Brooke Auxier. 2020. 54% of Americans say social media companies shouldn’t allow any political ads. Pew Research Center (2020). https:
//www.pewresearch.org/short-reads/2020/09/24/54- of-americans- say- social-media- companies-shouldnt-allow-any- political-ads/

Dominik Bir, Nicolas Préllochs, and Stefan Feuerriegel. 2023. New threats to society from free-speech social media platforms. Communications of
the ACM 66, 10 (2023), 37-40.

Dominik Bér, Nicolas Prollochs, and Stefan Feuerriegel. 2024. The effect of social media ads on election outcomes. OSF Preprints q8mxj (2024).
Marton Bene, Andrea Ceron, Vicente Fenoll, Jorg Hafller, Simon Kruschinski, Anders Olof Larsson, Melanie Magin, Katharina Schlosser, and
Anna-Katharina Wurst. 2022. Keep them engaged! Investigating the effects of self-centered social media communication style on user engagement
in 12 European countries. Political Communication 39, 4 (2022), 429-453.

Michael Bossetta. 2018. The digital architectures of social media: Comparing political campaigning on Facebook, Twitter, Instagram, and Snapchat
in the 2016 U.S. election. Journalism & Mass Communication Quarterly 95, 2 (2018), 471-496.

Leo Breiman. 1984. Classification and regression trees. Routledge, New York, NY, USA.

Emily Breza, Fatima Cody Stanford, Marcella Alsan, Burak Alsan, Abhijit Banerjee, Arun G. Chandrasekhar, Sarah Eichmeyer, Traci Glushko, Paul
Goldsmith-Pinkham, Kelly Holland, Emily Hoppe, Mohit Karnani, Sarah Liegl, Tristan Loisel, Lucy Ogbu-Nwobodo, Benjamin A. Olken, Carlos
Torres, Pierre-Luc Vautrey, Erica T. Warner, Susan Wootton, and Esther Duflo. 2021. Effects of a large-scale social media advertising campaign on
holiday travel and COVID-19 infections: A cluster randomized controlled trial. Nature Medicine 27, 9 (2021), 1622-1628.

NaLette M. Brodnax and Piotr Sapiezynski. 2022. From home base to swing states: The evolution of digital advertising strategies during the 2020 US
presidential primary. Political Research Quarterly 75, 2 (2022), 460-478.

Bundeswahlleiter. 2022. The Federal Returning Officer. https://www.bundeswahlleiter.de/en/bundeswahlleiter.html

José Gonzalez Cabatias, Angel Cuevas, Aritz Arrate, and Rubén Cuevas. 2021. Does Facebook use sensitive data for advertising purposes?
Communications of the ACM 64, 1 (2021), 62—-69.

Arthur Capozzi, Gianmarco de Francisci Morales, Yelena Mejova, Corrado Monti, and André Panisson. 2023. The thin ideology of populist advertising
on Facebook during the 2019 EU elections. In WWW.

Arthur Capozzi, Gianmarco de Francisci Morales, Yelena Mejova, Corrado Monti, André Panisson, and Daniela Paolotti. 2020. Facebook ads: Politics
of migration in Italy. In International Conference on Social Informatics.

Arthur Capozzi, Gianmarco de Francisci Morales, Yelena Mejova, Corrado Monti, André Panisson, and Daniela Paolotti. 2021. Clandestino or
rifugiato? Anti-immigration Facebook ad targeting in Italy. In CHL

Alexander Coppock, Donald P. Green, and Ethan Porter. 2022. Does digital advertising affect vote choice? Evidence from a randomized field
experiment. Research & Politics 9, 1 (2022), 20531680221076901.

Council of the European Union. 2023. Proposal for a regulation of the European Pariament and of the Council on the transparency and targeting of
political advertising: Latest state of play of the interinstitutional negotiations. https://www.asktheeu.org/de/request/12988/response/45245/attach/
5/5t09184.en23.pdf?cookie_passthrough=1

Katharine Dommett. 2019. Data-driven political campaigns in practice: Understanding and regulating diverse data-driven campaigns. Internet Policy
Review 8,4 (2019).

Katharine Dommett. 2019. The rise of online political advertising. Political Insight 10, 4 (2019), 12-15.

Katharine Dommett and Sam Power. 2019. The political economy of Facebook advertising: Election spending, regulation and targeting online. The
Political Quarterly 90, 2 (2019), 257-265.

Laura Edelson, Tobias Lauinger, and Damon McCoy. 2020. A security analysis of the Facebook Ad Library. In IEEE Symposium on Security and
Privacy.

European Commission. 2022. The Digital Services Act: Ensuring a safe and accountable online environment. https://ec.europa.eu/info/strategy/
priorities-2019-2024/europe-fit- digital-age/digital- services-act-ensuring- safe-and-accountable- online-environment_en

Erika Franklin Fowler, Michael M. Franz, Gregory J. Martin, Zachary Peskowitz, and Travis N. Ridout. 2021. Political advertising online and offline.
American Political Science Review 115, 1 (2021), 130-149.

Erika Franklin Fowler, Michael M. Franz, and Travis N. Ridout. 2020. Online political advertising in the United States. In Social Media and Democracy:
The State of the Field, Prospects for Reform. Cambridge University Press, Cambridge, UK, 111-138.

GLES. 2022. GLES Kandidierendenstudie 2021. https://doi.org/10.4232/1.14100

18

20z aunp Lz uoisanb Aq 81 /669///yzoebd/snxauseud/ge0 L 01 /10p/a]01B-20UBAPE/SNXBUSEBUd/WO02 dno-olwapese//:sdjy woly papeojumoq


https://www.pewresearch.org/short-reads/2020/09/24/54-of-americans-say-social-media-companies-shouldnt-allow-any-political-ads/
https://www.pewresearch.org/short-reads/2020/09/24/54-of-americans-say-social-media-companies-shouldnt-allow-any-political-ads/
https://www.bundeswahlleiter.de/en/bundeswahlleiter.html
https://www.asktheeu.org/de/request/12988/response/45245/attach/5/st09184.en23.pdf?cookie_passthrough=1
https://www.asktheeu.org/de/request/12988/response/45245/attach/5/st09184.en23.pdf?cookie_passthrough=1
https://ec.europa.eu/info/strategy/priorities-2019-2024/europe-fit-digital-age/digital-services-act-ensuring-safe-and-accountable-online-environment_en
https://ec.europa.eu/info/strategy/priorities-2019-2024/europe-fit-digital-age/digital-services-act-ensuring-safe-and-accountable-online-environment_en
https://doi.org/10.4232/1.14100

Systematic discrepancies in the delivery of political ads on Facebook and Instagram

[28]

[29]

[30]

Matthew H. Goldberg, Abel Gustafson, Seth A. Rosenthal, and Anthony Leiserowitz. 2021. Shifting Republican views on climate change through
targeted advertising. Nature Climate Change 11, 7 (2021), 573-577.

Thomas Gschwend and Thomas Zittel. 2015. Do constituency candidates matter in German Federal Elections? The personal vote as an interactive
process. Electoral Studies 39 (2015), 338-349.

Oliver Guhr, Ann-Kathrin Schumann, Frank Bahrmann, and Hans Joachim Béhme. 2020. Training a broad-coverage German sentiment classification
model for dialog systems. In LERC.

Anselm Hager. 2019. Do online ads influence vote choice? Political Communication 36, 3 (2019), 376-393.

Hanna Harting, Andrew Daniller, Scott Keeter, and Ted van Green. 2023. Voting patterns in the 2022 elections. Pew Research Center (2023).

Eitan D. Hersh and Brian F. Schaffner. 2013. Targeted campaign appeals and the value of ambiguity. The Journal of Politics 75, 2 (2013), 520-534.
Basileal Imana, Aleksandra Korolova, and John Heidemann. 2021. Auditing for discrimination in algorithms delivering job ads. In WWW.

Jim Isaak and Mina J. Hanna. 2018. User data privacy: Facebook, Cambridge Analytica, and privacy protection. Computer 51, 8 (2018), 56-59.
Ulrike Klinger, Karolina Koc-Michalska, and Uta Russmann. 2023. Are campaigns getting uglier, and who is to blame? Negativity, dramatization and
populism on Facebook in the 2014 and 2019 EP election campaigns. Political Communication 40, 3 (2023), 263-282.

Aleksandra Korolova. 2011. Privacy violations using microtargeted ads: A case study. Journal of Privacy and Confidentiality 3, 1 (2011).

Simon Kruschinski, Jorg Hafler, Pablo Jost, and Michael Silflow. 2022. Posting or advertising? How political parties adapt their messaging strategies
to Facebook’s organic and paid media affordances. Journal of Political Marketing (2022), forthcoming.

William H. Kruskal and W. Allen Wallis. 1952. Use of ranks in one-criterion variance analysis. Journal of the American Statistical Association 47, 260
(1952), 583-621.

Anja Lambrecht and Catherine Tucker. 2019. Algorithmic bias? An empirical study of apparent gender-based discrimination in the display of STEM
career ads. Management Science 65, 7 (2019), 2966—-2981.

Victor Le Pochat, Laura Edelson, Tom van Goethem, Wouter Joosen, Damon McCoy, and Tobias Lauinger. 2022. An audit of Facebook’s political ad
policy enforcement. In USENIX Security.

Sandra C. Matz, Michal Kosinski, Gideon Nave, and David J. Stillwell. 2017. Psychological targeting as an effective approach to digital mass
persuasion. PNAS 114, 48 (2017), 12714-12719.

Meta. 2022. Ad library. https://www.facebook.com/ads/library/

Meta. 2023. Ad targeting dataset. https://developers.facebook.com/docs/fort-ads-targeting-dataset

Francesco Pierri. 2023. Political advertisement on Facebook and Instagram in the run up to 2022 Italian general election. In WebSci.

Nicolas Préllochs, Dominik Bér, and Stefan Feuerriegel. 2021. Emotions in online rumor diffusion. EPJ Data Science 10, 1 (2021).

Travis N. Ridout, Erika Franklin Fowler, and Michael M. Franz. 2021. The Influence of goals and timing: How campaigns deploy ads on Facebook.

Journal of Information Technology & Politics 18, 3 (2021), 293-309.

Statista. 2023. Statista - Empowering people with data. https://www.statista.com/

Ben M. Tappin, Chloe Wittenberg, Luke B. Hewitt, Adam J. Berinsky, and David G. Rand. 2023. Quantifying the potential persuasive returns to
political microtargeting. PNAS 120, 25 (2023), €2216261120.

Eray Turkel. 2022. Regulating online political advertising. In WWW.

United States House of Representatives. 2021. For the people act. https://www.congress.gov/117/bills/hr1/BILLS-117hr1ih.pdf

Fabio Votta, Simon Kruschinski, Mads Hove, Natali Helberger, Tom Dobber, and Claes de Vreese. 2024. Who does(n’t) target you? Mapping the
worldwide usage of online political microtargeting. Journal of Quantitative Description: Digital Media 4 (2024).

Fabio Votta, Arman Noroozian, Tom Dobber, Natali Helberger, and Claes de Vreese. 2023. Going micro to go negative? Targeting toxicity using
Facebook and Instagram ads. Computational Communication Research 5, 1 (2023), 1-50.

20z aunp Lz uoisanb Aq 81 /669///yzoebd/snxauseud/ge0 L 01 /10p/a]01B-20UBAPE/SNXBUSEBUd/WO02 dno-olwapese//:sdjy woly papeojumoq


https://www.facebook.com/ads/library/
https://developers.facebook.com/docs/fort-ads-targeting-dataset
https://www.statista.com/
https://www.congress.gov/117/bills/hr1/BILLS-117hr1ih.pdf

	Abstract
	References



