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Abstract
The Facebook Privacy-Protected Full URLs Dataset was released to enable
independent, academic research on the impact of Facebook’s platform on society
while ensuring user privacy. The dataset has been used in several studies to analyze
the relationship between social media engagement and societal issues such as
misinformation, polarization, and the quality of consumed news. In this paper, we
conduct a comprehensive analysis of the engagement with popular news domains,
covering four years from January 2017 to December 2020, with a focus on user
engagement metrics related to news URLs in the U.S. By incorporating the ideological
alignment and composite score of quality and reliability of news sources, along with
users’ political preferences, we construct weighted averages of ideology and quality
of news consumption for liberal, conservative, and moderate audiences. This allows
us to track the evolution of (i) the ideological gap in news consumption between
liberals and conservatives and (ii) the average quality of each group’s news
consumption. We identify two major shifts in trends, each tied to engagement
changes. In both, the ideological gap widens and news quality declines. However,
engagement rises in the first shift but falls in the second. Finally, we contextualize
these trends by linking them to twomajor Facebook News Feed updates. Our findings
provide empirical evidence to better understand user behavior and engagement
with news and their leaning and reliability during the period covered by the dataset.

Keywords: User engagement; Ideological segregation; Social media;
Misinformation; News feed

1 Introduction
The interplay between user ideology, news source quality, and online engagement has been
a key focus of research in recent years. Studies consistently show that individuals tend to
consume ideologically aligned content, with less moderate views often linked to lower-
quality news sources [1, 2], and more extreme narratives being associated with higher en-
gagement [3]. Extreme conservative audiences, in particular, have been found to exhibit
higher levels of ideological segregation [4, 5]. These patterns raise concerns about the re-
lationship between online platforms’ design and the segregation of information consump-
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tion, as platform-specific mechanisms can influence the extent of ideological separation.
For instance, ideological segregation appears stronger on Facebook than on Reddit, where
interactions remain more heterogeneous even among extreme-leaning users [6]. More-
over, selective exposure to partisan news sources tends to increase with user activity [7],
contributing to the formation of highly clustered news consumption patterns [8].

Recent studies examining social media engagement, particularly around the 2020 US
Election, have highlighted the significant impact of algorithmic features on user experi-
ence and the non-trivial correlation they may have on polarization [9]. For instance, exper-
iments altering algorithmic feed rankings revealed that chronological feeds may increase
exposure to untrustworthy political content while decreasing user engagement and sat-
isfaction [10]. Similarly, efforts to reduce exposure to like-minded sources showed lim-
ited efficacy in addressing polarization [11]. Moreover, studies have found evidence that
re-shares—the feature facilitating virality—may not be the only driving factor generating
misinformation and polarization [12].

Building on the literature on algorithmic amplification, recommender systems have
been shown to prioritize engagement, often at the expense of exposing users to more po-
larizing or toxic content, thereby amplifying ideological divides [13]. Regarding the assess-
ment of partisan audience bias in social media, Robertson et al. [2, 14] have conducted au-
dits and investigations on user exposure and interactions with content on Google Search,
while Bakshy et al. [1] used US Facebook data on interactions with shared news and friend
networks. Contrarily to González-Bailón et al. [4], both concluded that individual choices
played a stronger role in increasing like-minded content, as well as limiting cross-cutting
exposure than algorithmic ranking. Additionally, Gentzkow and Shapiro [15] and Flax-
man et al. [16] showed that while ideological filtering existed online, it was partly offset by
incidental exposure to diverse viewpoints, particularly through social media These con-
trasting findings suggest the need for a more comprehensive analysis of user behaviors
and algorithmic influences [17].

Despite these advances, much of the existing research relies on short time frames or
experiments done on small treatment groups that are not completely isolated from other
platform-wide dynamics [4]. Moreover, most findings reflect specific moments in a plat-
form’s evolution, often ignoring the ongoing changes to algorithmic features, UX design,
privacy settings, or moderation strategies. These changes are particularly problematic be-
cause they are rarely disclosed in full. In the few cases where some information is available,
the timing and specifics of algorithmic modifications remain opaque, even to researchers
conducting preregistered experiments in collaboration with the platform. For instance,
the “break-glass” changes to the news feed on Facebook in 2020, which coincided with the
study by Guess et al. [10], illustrate how such undisclosed adjustments can potentially af-
fect the conclusions of otherwise well-designed research [18] (see also the e-letters below
[10] for more details on this discussion).

Therefore, while these studies are very informative on the behavior of different popu-
lation segments in the online realm, they usually cannot address the interplay of these
behaviors and platform characteristics. Understanding whether the behaviors are stable
through time or, on the other hand, subject to both exogenous and endogenous changes
is relevant for promoting healthier online spaces.

In this paper, we address this problem through an aggregate, longitudinal analysis of en-
gagement patterns, leveraging the temporal characteristics of the Facebook URL dataset.
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Our analysis identifies key change points that align with major updates reported in the
News Feed Facebook’s algorithm.

The Facebook Privacy Protected Full URLs Dataset [19] is a large-scale collection of
public posts containing URLs and user interaction data on the Facebook platform start-
ing January 2017. The dataset includes counts of engagement at the URL-action level,
stratified by limited user attributes such as political page affinity (PPA), age group, and
gender. It does not contain, however, information on the volume of unique users in each
of these categories or in the dataset in general. While the dataset is unique in its size and
granularity, it also includes privacy-protection mechanisms such as injected noise and a
minimum-share inclusion threshold that introduce certain limitations. We discuss these
in more detail in Sect. 6.2.

Despite these limitations, researchers have used the Facebook Privacy-Protected Full
URLs Dataset for various applications. Our work, akin to Guess et al. [20] and Bailey et al.
[21], provides a descriptive static analysis of exposure and sharing patterns of news URLs
in the US, confirming findings like the conservative skew in low-quality news consump-
tion. Building on this foundation, our work introduces a temporal dimension to investigate
ideological segregation and information quality in news consumption. Similar to Buntain
et al. [22], who developed a metric for robust domain ideology scores based on exposure
and engagement, we focus on user behavior and content interactions but expand the scope
by examining longitudinal trends and dynamic patterns over time.

Prior work on misinformation has shown that platform interventions, such as labeling or
demoting low-quality pages, have limited long-term effects [23, 24]. Bandy and Diakopou-
los [25] show that Facebook amplified low-quality publishers during the 2020 US election,
with algorithmic changes impacting publishers broadly, regardless of content quality. We
extend this line of inquiry by contextualizing engagement trends within potential algo-
rithmic adjustments [26–28] to examine their implications for ideological segregation on
the platform.

Our study contributes specifically to the literature on news audience polarization [29],
focusing on ideological segregation in engagement on Facebook (i.e. how liberal and con-
servative users differ in their interactions with news sources over time). Using a four-year
longitudinal dataset of Facebook interactions, we characterize engagement trends (e.g.,
clicks, likes, shares, and comments) across news-related domains. We characterize these
patterns in relation to user ideology, domain ideology, and domain quality. By developing
a novel metric to assess partisan bias in user consumption patterns, we track the evolu-
tion of the ideological gap between news consumed by conservatives and liberals as an
indicator for polarization in news diets.

While broader debates on political polarization encompass ideological, affective, and
partisan dimensions [30], and findings on the role of online platforms remain mixed [15,
16, 31–33], our analysis does not aim to assess polarization in society at large. Instead,
we examine group-level engagement patterns specific to Facebook, shaped by both user
preferences and platform design using a longitudinal dataset.

Additionally, we study changes in the quality of news consumption and how it relates
to both user and outlet ideology. To do so, we examine content trustworthiness and in-
tegrity using a domain-level quality score based on expert evaluations from Lin et al. [34],
which captures both journalistic standards and a domain’s history of sharing misleading
content. While a low-quality score does not equate to the presence of misinformation in
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every piece of content from that outlet, we interpret low domain quality as indicative of a
higher likelihood of such behavior, while avoiding content-level claims. Therefore, our use
of the term “misinformation” throughout this work refers to a broad behavioral pattern of
spreading false or misleading content, and not the narrower, intent-based definition that
distinguishes disinformation.

In particular, we address the following research questions in our aggregate statistical
analysis:

RQ1: How do engagement patterns on Facebook differ between popular news and other
URLs, and how do they vary by user ideology?

RQ2: For news-related URLs, how are users’ political page affinities related to the orien-
tation and quality of the domains they engage with?

while in our longitudinal analysis over a four-year period, we address the following:
RQ3: How do engagement patterns with news-related URLs evolve over time, and what

are the key change points that mark significant shifts in user engagement?
RQ4: How such engagement patterns differ from other URLs?

while for news-related URLs we investigate:
RQ5a: How does ideological segregation in news consumption change over time?
RQ5b: How does the consumption of low-quality news vary over time?
Our findings provide a detailed view of the dynamic relationship between user behav-

ior, news quality, and ideological segregation in news diets, while situating these changes
within the broader context of platform-level adjustments and potential algorithmic mod-
ifications.

2 Data collection, processing, and descriptive analysis
The Facebook URL Dataset allows queries at the URL-action level including the numbers
of views, clicks, likes, shares, comments, and emoji reactions (angers, hahas, wows, loves
and sorrys). Views and clicks are typically regarded as passive forms of engagement or con-
sumption (used interchangeably here), while the other metrics represent active engage-
ment. The counts are also broken down by month and audience demographics (country,
age, and gender).

For the US, these counts are also stratified by the estimated ideological leaning of the
users, called Political Page Affinity or PPA, which classifies the audience into five different
buckets, scaled from –2 (most liberal) to +2 (most conservative), with an additional bin
(not defined). This metric, based on the model described in Barberá [35], is computed
internally at Facebook. For that reason, we focus on URLs shared primarily in the US and
extract engagement counts from users located in the US only.

2.1 Domain and data selection criteria
For this study, we separate between: (i) news-related domains with reliable annotations for
both ideological leaning and quality, and (ii) other domains, that are potentially non-news
and include all remaining sites in the Facebook URL dataset, such as entertainment, e-
commerce, or low-engagement domains, for which ideological or reliability classifications
are not systematically available.

Our selection of news-related domains is conceptually grounded in our goal to examine
ideological segregation and information quality in news consumption. As such, we include
only domains that (1) are among the top 1% most-viewed domains in the U.S. Facebook
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dataset (2017–2021), and (2) have both domain-level ideology and quality scores. This
filtering is necessary to ensure that each domain in our analysis can be meaningfully po-
sitioned along both dimensions.

We construct the set of news domains using the following three sources:
1. Top 1% most-viewed domains. We begin with the list of the 2629 most-viewed

domains [22], which account for over 77% of all URL views and over 80% of all URL
clicks in the U.S. on Facebook from 2017 to 2020. Given the heavy-tailed
distribution of engagement on social media, this threshold is not arbitrary but
reflects a pragmatic balance between coverage and signal quality. The domains in
this selection range from very high view counts per month (on the order of 1011) to
lower values (of the order of 103), reflecting the wide engagement spectrum within
the top 1%. Including domains with even lower engagement would introduce
substantial noise due to differential privacy constraints, as such domains tend to
hover near the dataset’s inclusion threshold and offer a limited usable signal.

2. Domain quality scores. We use the domain-level quality scores from Lin et al. [34],
who define a composite quality score based on evaluations from six independent
expert rating sources (including NewsGuard1). These scores reflect a broad range of
criteria—such as factual reporting, transparency, editorial standards, and
importantly, the frequency with which an outlet has been known to share false or
misleading content. The composite score, derived via principal component analysis,
captures a latent “domain reputation” dimension that blends aspects of both
journalistic professionalism and misinformation-related behaviors. The substantive
meaning of the PCA score is not directly interpretable in terms of any one
dimension of quality, since it reflects the dominant axis of variation in the rating
dataset, which may prioritize some attributes (e.g., factual accuracy) over others
(e.g., transparency of sourcing) depending on their variance. We acknowledge that
in media and communication studies, the term “quality” often has a restricted
normative meaning tied to journalistic professionalism. Our use of the term adopts
a broader empirical framing that includes reputational and factual indicators,
including a domain’s historical association with false or misleading content.
Therefore, a low score may reflect various factors, such as misinformation
prevalence or low transparency, without distinguishing between them. Quality
scores are available for 1586 (≈ 63%) of the 2629 domains.

3. Ideology scores. We use the domain-level ideology scores from Robertson et al. [14],
who developed a domain-level audience bias metric based on the sharing behavior
of registered US voters on Twitter. These scores reflect aggregate partisan
preferences in domain sharing and offer a scalable, behavior-based measure of
ideological orientation. Compared to manual annotation or content-based scoring,
this method avoids rater subjectivity and better captures the political leanings of
domains as experienced by users. The metric has been validated against several
external sources, showing high agreement with prior audience-based and
rater-based measures, and is widely used in polarization and media bias research.
These scores are continuous, behavior-based, and include 1664 of the 2629
domains (≈ 63%).

1https://www.newsguardtech.com/.

https://www.newsguardtech.com/
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Table 1 Summary of Domain and URL statistics for popular news domains and other domains

News Other

Total domains 1231 268,821
Total number of URLs 6,273,432 5,215,067
URLs per month 130,697 108,647
Stdev. URLs per month 42,145 38,541

Figure 1 Selected news domains for this study distributed by Ideology and Quality scores. (bin width ideology =
0.094, quality = 0.05, ticks mark the center of the bin) Positive values of ideology denote a leaning toward
conservative ideology, while negative values correspond to liberal leanings. Quality scores are higher when
domains have higher quality. The two dimensions correlate negatively (r = –0.35, p < 0.001)

After intersecting these three sources, we identify 1231 domains as news-related. This
set includes a wide range of outlets: mainstream, local, partisan, centrist, and fringe, and
represents a broad and ideologically diverse sample. Among them, approximately 58%
have a quality score greater than 0.6, a threshold aligned with NewsGuard’s definition
of high trustworthiness [34]. It is important to clarify that the remaining 53% of domains
from the original top 1% list are not necessarily excluded news domains. Many are non-
news sites (e.g., memes, e-commerce, clickbait farms), and are excluded because they lack
ideological or quality annotations. See Table 1 for the number of domains and related
URLs for each of the two categories.

As Fig. 1 shows, there is a weak negative correlation between domain ideology and do-
main quality scores (r = –0.35, p < 0.001), with two clusters of high and medium-high
reliability domains located near the ideological center and a concentration of low-quality
domains toward the conservative end of the spectrum. Additionally, when considering
ideological extremity (i.e., the absolute value of ideology scores), we observe a somewhat
stronger negative correlation (r = –0.48, p < 0.001), indicating that lower quality could be
associated with more ideologically extreme domains, regardless of direction.

2.2 URL retrieval and preprocessing
We retrieve URLs through successive monthly queries to the platform, covering the pe-
riod from January 2017 to December 2020. The dataset is protected by differential pri-
vacy [19, 36], which prevents tracing actions to specific users or URLs. However, while
differential privacy safeguards data, it can introduce biases into inference methods if
not properly accounted for [36]. Additional challenges of this dataset include selection
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Figure 2 (A) Volume of URLs per query and analysis of engagement decay per URL (for news domains). In blue, the
total number of URLs retrieved per each monthly query. In orange, the ones considering a 3-month limit after
each URL’s posting date (the ones used for the analysis). In green, the number of new URLs added to the
dataset each month. (B) Average (normalized) engagement. Engagement decays fast, and most of the
engagement occurs during the first few months, on average. While this figure specifically represents data
from 2019, similar patterns are observed across all analyzed years

bias caused by engagement thresholds for URL inclusion [37] and past data integrity is-
sues [38]. An example of a precise query with parameters is detailed in Supplementary
Fig. S1, and a discussion of these limitations and our strategies for addressing them can be
found in Sect. 6.2.

The inclusion of URLs in the dataset is cumulative: new URLs are incorporated every
month if they meet the minimum of 100 shares (plus Laplacian noise) threshold, but they
are never removed 2 once this threshold has been surpassed at least once.

Figure 2A shows the number of unique URLs retrieved per month for news domains.
The total number of URLs (in blue) reflects the cumulative count over time. A subset of
them (count in green) only includes the new URLs added each month, which amounts to
between 9 · 104 and 2 · 105 URLs. For efficiency, we discard URLs that appeared in the
dataset before a cutoff period preceding the queried month. We set the value of this cut-
off to three months for reasons explained below. Therefore, the analysis for each month
includes only URLs that were incorporated during the queried month or within the pre-
ceding three months (shown in orange).

To justify our choice of a cutoff period of three months, we calculate the typical lifespan
of a URL. Figure 2B shows how engagement decays (on average) over time for the year
2019 (all years behave similarly) for three different types of engagement. We compute the
total engagement for a URL within that year and normalize the proportion of engagement
for each month, starting from the month in which it was first posted and continuing with
subsequent months. The curve illustrates the expected lifespan of a URL’s engagement
once it appears in the dataset. We observe that most of the engagement (≈ 70%) occurs
during the first two months. We repeated all our analyses using different values for the
cutoff period (3-month, 6-month, and 12-month cutoffs) and found that the results for
Figs. 3 through 7 remained identical across these settings. Because the figures are visually
indistinguishable, this data is not shown. This indicates that extending the cutoff period
essentially increases the size of the monthly URL set (see Fig. 2A), but the overall impact on

2Some retrieved URLs reported engagement data up to one month prior to their posting date (approximately 9000 cases
for 2019) or even earlier (around 200 cases across all years). Engagement from the former group was aggregated into the
zero-month time difference, as it typically corresponds to activity within hours before the month begins. The latter cases
were excluded from the analysis.
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engagement is negligible. Consequently, we present our results considering engagement
counts using a 3-month cutoff.

3 Aggregate analysis of engagement
3.1 RQ1. Engagement patterns by user ideology
First, we analyze the distribution of engagement across user PPA categories. Since the
dataset is designed to include noisy aggregated interaction counts per PPA (without infor-
mation about the number of unique users per interaction), we experimented with different
baselines and normalization methods. Details on the methods used to compute confidence
intervals for engagement counts can be found in the Supplementary Information 1A.

Given the aggregated counts Ce,p for each engagement type e ∈ {clicks, views, . . .} and
user political page affinity p ∈ {–2, –1, 0, 1, 2}, we compute the (normalized) engage-
ment Ee,p relative to a baseline of views as

Ee,p =
C̄e,p

max
p′ C̄e,p′

, C̄e,p =
Ce,p

Cviews,p
. (1)

Normalizing by views captures the engagement given the exposure to the content and
normalizing by the maximum value allows to compare across different types of engage-
ment, despite their varying volumes. Alternative normalization methods and resulting
outcomes are discussed in the Supplementary Information 2.

Figure 3A shows the results for popular news domains. Engagement is unevenly dis-
tributed, with liberals having significantly more views than conservatives. This suggests
that liberals tend to engage more frequently in passive consumption of news-related URL-
containing posts, which we find to be opposite to other content (see Supplementary Fig.
S3). For clicks, the other type of passive engagement, the pattern shifts slightly to a U-
shape, with center users having the lowest number of clicks. As for the active engagement
counts, there is a clear U-shaped pattern for hahas, likes, comments, and angers (increas-
ingly pronounced in that same order). Surprisingly, the distribution for shares is the least
U-shaped of all, with other reactions such as loves also having a flatter shape. We find a
very similar behavior for engagement with other domains (Supplementary Fig. S3).

Users with non-defined PPA (data not shown) have a view count that is three times
higher but have similar values of active engagement in total. While the number of users in
each PPA category is not included in the dataset, if we assume that the order of magnitude
of views is informative of the number of users included in that category, this would imply
that there is a large set of politically disconnected users that consume content passively
but are much less active than politically categorized users when it comes to engaging with
news-related posts. This lower activity may in part be the reason why they are not assigned
to an ideology bin.

3.2 RQ2. Domain ideology and domain quality by user ideology
We now examine patterns in news consumption across different user PPA categories based
on both the ideology and quality of the URLs. We use the ideology and quality scores
introduced in Sect. 2.1, which can be obtained for each individual domain. For clarity, we
discretize the scores into bins.
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Figure 3 Aggregate Analysis of Engagement (for popular news domains). In all figures, negative values
correspond to more liberal-leaning, and positive values correspond to more conservative-leaning. (A)
Distribution of different engagement types across user political page affinity (PPA), normalized relative to view
counts (top left). For engagement types other than views, values are further normalized relative to their
maximum across the five PPA categories, see Eq. (1). Engagement is unevenly distributed, with liberals having
significantly more views than conservatives. The U-shaped pattern of engagement (greater engagement by
extreme users) becomes more pronounced from left to right and from top to bottom. Users with undefined
PPA exhibit much higher passive engagement (views and clicks) but significantly fewer engagement counts
per view and are therefore not represented. (B) Conditional probability of clicking on a URL with a specific
ideology given the user PPA. (bin width = 0.094, columns sum one). Liberal and center users follow single-mode
distributions of engagement, with liberals leaning towards negative (liberal) domain scores and center users
favoring neutral domains. Conservative users display a bimodal distribution, engaging both with neutral and
far-right domains. Undefined users exhibit a profile similar to center users. (C) Conditional probability of clicking
on a URL with a specific quality given the user PPA. (bin width = 0.05, columns sum one). Liberal users
predominantly engage with high-quality domains. Center and conservative users progressively interact with
lower-quality domains, with extreme conservatives showing the highest engagement with low-quality
domains. This trend is supported by a negative correlation between domain quality and user ideology. See
main text for details

We present results based on clicks since clicks are a form of passive engagement that is a
more reliable indicator of consumption of the information contained in the URLs. A view
could merely account for a loaded and quickly scrolled-over post in a user’s feed. However,
we studied the same patterns with several engagement metrics (views, clicks, shares, likes,
and comments) and found no relevant differences between them.

Let Cib
clicks,p represent the sum of engagement counts on clicks from a user PPA category

p, for URLs whose domain ideology falls within domain ideology bin ib. We compute the
conditional probability distribution of domain ideology given the user PPA category as

P(i(u) ∈ ib|p) =
Cib

clicks,p
∑︁

ib′ Cib′
clicks,p

.
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In other words: given the PPA p of a user, and that this user has clicked on URL u, what is
the probability that the ideology of URL u, denoted as i(u), is in the ideology interval ib?
Similarly, we compute the probability of clicking on a URL of domain quality

P(q(u) ∈ qb|p) =
Cqb

clicks,p
∑︁

qb′ Cqb′
clicks,p

,

where qb denotes a domain quality bin and q(u) the domain quality of URL u (see Sect. 4.2
for a formal definition of these variables).

Figure 3B shows P(i(u) ∈ ib|p) as a heatmap. We see that, while users in the liberal and
center classes seem to follow a single-mode distribution, with its center tilted towards
negative values for liberals and centered for the center category, conservative users follow
a bimodal distribution. We can see one mode at the center and another mode on the far
conservative part (upper part in the heatmap).

In Fig. 3C we show P(q(u) ∈ qb|p). We observe that liberal-leaning users stay within
the high-quality bins, while there is a slow progression towards wider distributions for the
center and conservative-leaning users that eventually reach low-quality domains for the
extreme conservatives. This result is in agreement with the observed relationship between
domain ideology and domain quality at the URL-domain level, independent of user PPA
(see Fig. 1).

Users with undefined ideology (referred to as “Not defined” in the figures) show engage-
ment patterns similar to center users. This is supported by the Total Variation distance
between the distribution of “Not defined” users and each ideological group: {-2: 0.33, –1:
0.26, 0: 0.06, 1: 0.31, 2: 0.41} for ideology-based engagement (Fig. 3B), and {-2: 0.10, –1:
0.09, 0: 0.08, 1: 0.22, 2: 0.31} for quality-based engagement (Fig. 3C). In both cases, “Not
defined” users are most similar to center users in their engagement patterns.

4 Longitudinal analysis
4.1 RQ3 and RQ4. Engagement timeline and change point detection
We begin this analysis by showing in Fig. 4 the time series data of raw engagement per
month. The left plot displays view counts, the right upper plot shows aggregated active
engagement, and the right bottom plot breaks down engagement by shares and comments.
A figure illustrating all active engagement timelines is provided in Supplementary Fig. S4.

The global temporal pattern for news domains is clear: a steady decline in engagement
until the end of 2017, followed by a rise that continues until the first quarter of 2020, after
which engagement abruptly declines again.

To quantify these shifts, we identify significant change points by applying segmented
linear regression [39, 40] to each individual engagement timeline. Segmented linear re-
gression models the data as a piecewise linear trend, aligning with the observed data and
allowing for changes at distinct change points identified as change points. For most indi-
vidual engagement metrics, the identified number of change points is two.

Because our temporal resolution is monthly, and because different engagement met-
rics may respond to change at slightly different rates, we expect some small variation in
the precise change point locations across engagement metrics. Instead of treating indi-
vidual change points in isolation, we apply segmented linear regression independently on
multiple time series (representing different engagement metrics) and then aggregate these
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Figure 4 Engagement timeline. (A) Total monthly counts of views for news and other domains (passive
engagement); (B) aggregate of active engagement metrics for news domains (e.g., likes, shares, comments).
(C) Two specific counts: shares and comments, also for news domains. Text labels indicate the maximum
values of the noise uncertainty confidence intervals (CI), calculated using Eq. 1 in Supplementary Information
2A. Shaded regions represent potential change points, identified through piecewise linear regression. Dashed
lines mark the dates of two major documented algorithmic changes

results to identify broader change regions (i.e., bands of months where multiple metrics
indicate potential structural shifts). These regions are marked by shaded regions in Fig. 4
and throughout other figures in the manuscript (see the Supplementary Information 4 for
more details on the methodology).

We complement these regions with dashed lines indicating the month when actual
changes to the Facebook ranking algorithm were reported or expected to have occurred
(see [26–28] for the 2018 update), which is associated with precise date; see [28, 41] for
the 2020 update, for which we could not find a precise date but chose March as the most
likely month in which it occurred (February and April could not be excluded). While the
change points coincide with algorithmic changes, the extent to which these events are
driven by the ranking algorithm or other exogenous factors cannot be determined from
this analysis. We discuss this in more detail in Sect. 5.2.

In addition to these major trends, we highlight other interesting observations. For ex-
ample, when comparing shares and comments, the absolute sum of shares (bottom plot,
orange line) declines until it matches the absolute sum of comments (red line). This ob-
servation may be associated with a decrease in the weight of shares affecting feed ranking
in 2020, as explained in the Discussion section.

We also show the time series of view counts for the domain URLs that are not in our
news domains list in the left plot (A) of Fig. 4 (bottom curve). The general trend is very
similar to news domains, which suggests that the detected change points apply platform-
wide and are not exclusive to news-related content. We can also observe three differences:
(I) The total volume of views is always lower than for popular news domains, (II) The initial
decrease seems to be less strong, and (III) the increasing trend between the two identified
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change point regions is less steady and more sudden. When separating active engagement
for each different action, we find similar differences (Supplementary Fig. S4).

We conclude this initial analysis by noting that these trends correspond to the raw en-
gagement time series. For example, engagement time series could be normalized by views
to reduce common effects across all engagement types. The results of this normalization
are shown in the Supplementary Information 5A, Fig. S5, where we observe that the share
of active engagement steadily increases over time compared to passive engagement.

4.2 Measuring segregation and low-quality news consumption over time
Our proposed methodology for calculating partisan segregation and the quality of news
consumption from URL data relies on weighted averages, with the weights determined by
the engagement counts associated with each URL.

For clarity, we merge moderate and strong user political affinities (PPA) into a combined
political category ℙ resulting in four distinct combined categories: conservatives 𝒞 (buck-
ets +2 and +1), liberals ℒ (buckets –2 and –1), centrists 𝒩 (including only bucket 0), and
undefined 𝒟 (when the PPA is not defined). Merging strong and moderate buckets does
not affect the results obtained.

Formally, let u denote a URL present in the data (we omit the month index to simplify no-
tation) and let i(u) ∈ [0, 1] and q(u) ∈ [0, 1] denote the domain-level ideology and domain-
level quality scores of u, respectively.3

To compute the overall ideology and quality for engagement type e and combined user
category ℙ, we calculate the following weighted averages:

Domain
Ideology

μI
e,ℙ =

∑︁n
u=1 i(u)C(u)

e,ℙ
∑︁n

u=1 C(u)
e,ℙ

,
Domain
Quality

μ
Q
e,ℙ =

∑︁n
u=1 q(u)C(u)

e,ℙ
∑︁n

u=1 C(u)
e,ℙ

, (2)

where u goes over the set of URLs appearing during a given month and C(u)
e,ℙ =

∑︁
p∈ℙ C(u)

e,p

sums the counts over the corresponding buckets of ℙ.
Similarly, we also characterize the (weighted) standard deviation for each engagement

type e and combined category ℙ according to

Domain
Ideology

σ I
e,ℙ =

⌜
⃓
⃓
⎷

∑︁
u C(u)

e,ℙ
(︁
i(u) – μI

e,ℙ
)︁2

∑︁
u C(u)

e,ℙ

,

Domain
Quality

σ
Q
e,ℙ =

⌜
⃓
⃓
⃓
⎷

∑︁
u C(u)

e,ℙ

(︂
q(u) – μ

Q
e,ℙ

)︂2

∑︁
u C(u)

e,ℙ

.

(3)

Given that we are again working with ratios involving noisy denominators, it is impor-
tant to carefully evaluate the signal-to-noise ratio (SNR) of the denominator and to deter-
mine the uncertainty intervals for each component of the ideology gap. We obtain SNR
values exceeding 1 · 105 and uncertainty intervals for the averages of both 𝒞 and ℒ on the
order of 1 · 10–3 (see the Supplementary Information 1B). We therefore can conclude that

3To prevent numerical problems when calculating confidence intervals for the denominators, we normalize the domain
ideology scores from 0 to 1, where 0 indicates the most liberal-leaning domains and 1 represents the most conservative-
leaning domains in our dataset.
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the metrics are statistically significant. The weighted standard deviations are substantial
and vary over time, so we plot them separately when needed.

We define our metric for segregation in news consumption, which serves as a proxy for
polarization during a given period, as the absolute difference between the average ideo-
logical leaning of URLs engaged by conservatives 𝒞 and liberals ℒ as

IGAP =
⃓
⃓μe,𝒞 – μe,ℒ

⃓
⃓ . (4)

We also quantify the prevalence of content from low-quality sources, which can be in-
dicative of a higher risk of misinformation exposure, by calculating the proportion of URLs
with a content quality score lower than a threshold Tlow [34]:

Plow =
∑︁n

u=1 C(u)
e · [︁q(u) ≤ Tlow

]︁

∑︁n
u=1 C(u)

e

. (5)

4.3 R5a. Findings regarding ideological segregation
To analyze the evolution of the ideology gap over time we compute the metrics intro-
duced in equations (2), (3) and (4). Figure 5 (left column) shows these results. We observe
in Fig. 5A that, while the liberal and centrist weighted averages are stable and show a
slight increase over time, the conservative counterpart shows larger variations with no
stable trend, which include a noticeable increase after the second change point region. It
is also interesting to note that centrist and undefined users show almost identical behavior.
We present these results using clicks per user category as the weight of the averages but
perform the same analysis also using different actions. There we find qualitatively similar
results, even though conservative and liberal averages are positioned more to the extremes
when considering shares and likes (Supplementary Fig. S6).

The weighted standard deviations (Fig. 5B) are systematically higher for the conserva-
tive group, in accordance with the bimodal distribution of domains. In addition, we ob-
serve two noteworthy points: (i) Following the first shift in 2018, the weighted standard
deviations of center- and liberal-leaning users decrease suddenly and change into a flat
trend. (ii) In contrast, after the second shift in 2020, the weighted standard deviation for
center-leaning users shows a sharp increase, potentially indicating that some individuals
within this group began engaging with the extreme conservative group mentioned in the
distribution of domains.

Figure 5C shows the ideology gap between conservative and liberal groups (black line).
We observe a gradual decline, except during the periods associated with the identi-
fied change points. In particular, in the second change point in 2020, the gap increases
sharply. This rise can be attributed to a shift in the average consumption and engage-
ment of conservative-leaning users toward more extreme-leaning domains, as illustrated
in Fig. 5A. In this period we observe a greater supply of more conservative content as well
as an increased engagement with more extreme content from conservative users.

While our main analyses rely on weighted averages, we acknowledge that alternative
summary measures, such as medians or full distributional comparisons, could yield dif-
ferent patterns. However, we verified that using the median instead of the mean results
in similar overall trends, particularly regarding the persistent gap between conservative
and liberal users and its variations around the algorithmic change points. Moreover, to
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Figure 5 Evolution of engagement (clicks) in terms of content ideology and content quality. (A) and (D) show the
evolution of the weighted averages of the domain ideology (normalized between 0 and 1) and domain
quality, respectively, as in Eq. (2). The averages are done for each user class (i.e. Conservative, Liberal, Centrist,
or without a defined PPA) using clicks as weights. (B) and (E) show the weighted standard deviations related to
the ideology and quality averages above, as in Eq. (3). (C) represents the ideological gap between the
conservative and liberal averages and can serve as a proxy for ideological segregation of news consumption,
Eq. (4). (F) shows the proportion of clicks directed towards low-quality domains, Eq. (5) with Tlow = 0.6. Noise
uncertainty intervals are too small to be visually detected in any of the subfigures. For all shown metrics that
involve noisy denominators, we find SNR > 105. Moreover, bootstrapped uncertainty intervals for the
weighted averages have very small standard deviations (in the order of 0.001), indicating high statistical
precision. Dashed lines indicate relevant algorithmic updates. Shaded areas are calculated as in the previous
Fig. 4

complement the trends shown in the time series, the top row of Fig. 6 presents the full
distributions (depicted as violin plots) of the weighted domain ideology scores for each
user group at six key time points. Conservative users (in red) consistently exhibit a broader
distribution than other groups.

We observe that the initial decrease in the ideology gap is mainly explained by a shift
in engagement of conservatives to less extreme right-leaning outlets, creating a notice-
able concentration in the mid-right range (compare red distributions between the 1st and
2nd top plot). This decrease stops after the first change point. There is also a decrease in
engagement in extreme left-leaning outlets (in blue).

The second change point is characterized by renewed engagement of conservatives with
more ideologically extreme conservative domains (compare red distributions between the
5th and 6th top plots). This second shift is not exclusive to conservatives: it is also reflected
among center (yellow) and undefined (gray) users, whose engagement distributions show a
small but visible shift in mass toward more extreme right-wing outlets. In contrast, liberal
users (blue) show a more stable distribution over time, with less structural change across
the change points and less engagement with ideologically extreme sources.
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Figure 6 Distributions of weighted domain ideology and quality scores per user group at key time points. Each
violin plot represents the distribution of domain scores (ideology in the top row, quality in the bottom)
obtained by applying the engagement-weighted distribution over URLs to the corresponding score function.
Horizontal lines indicate the weighted average score for each user group: conservatives (red), liberals (blue),
centrists (yellow), and undefined (gray). These averages correspond to the monthly values shown in panels A
and D of Fig. 5. The figure shows six selected months around the detected change points in engagement

To close this subsection, the top panel of Fig. 7 illustrates the temporal evolution of ideo-
logical engagement by showing the monthly distribution of clicks across domain ideology
bins. While engagement with non-extreme domains remains relatively stable, we identify
two periods of increased engagement with domains close to the ideological center, visible
as darker horizontal bands near the middle of the distribution. These periods align with
the two local minima of the segregation measure shown in Fig. 5C, supporting the trends
described earlier in the subsection.

Finally, we remark that the increase in the segregation measure after the second change
point, shown in Fig. 5C, is clearly reflected in Fig. 7 as a sharp rise in clicks to far-right
domains. This pattern is consistent with the rise in engagement with ideologically extreme
conservative content shown in Fig. 6, especially among conservative and, to a lesser extent,
undefined and center users.

4.4 R5b. Findings regarding information quality
We now address RQ5b, focusing on the evolution of engagement trends for news-related
URLs in relation to content quality.

Figure 5D shows the weighted averages of content quality consumed by different user
classes, allowing us to investigate how these groups engage with varying content quality.
There is a noticeable rise in the average consumed quality across all user classes prior
to the second change point. Notably, during the periods associated with point changes,
there is a sudden increase in average consumed quality across all user classes, which is
followed quickly by a sharp decline. It is interesting that after the second change point re-
gion, liberal-leaning stays at higher values despite decreasing, while conservative-leaning
goes back to lower quality. Centrist and ideologically undefined users also show a bit of
a decrease in their average quality as well as an increase in their weighted standard devi-
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Figure 7 Distribution of Clicks Over Time. Relevant dates for algorithmic changes are marked with black line
markers. Time intervals marked with a red marker indicate change point regions obtained through piece-wise
linear regression. Ticks mark the center of the bin. (top)monthly distribution of clicks across domain ideology
bins (bin width = 0.05), normalized per month. (bottom)monthly distribution of clicks across domain quality
bins (bin width = 0.05), normalized per month. A quality score threshold at 0.58 separates high- and
medium-quality domains from low-quality ones. For low-quality domains, we highlight three events (A), (B),
and (C), which are associated with algorithmic change points

ation (see Fig. 5E), and thus may also be contributing to the higher engagement toward
low-quality content.

In Fig. 5F we show the change in the proportion of engagement directed at low-quality
domains (quality bin lower than the bin centered at 0.58 in Fig. 1), which fluctuates around
20% and 30%. We observe two sudden decreases around change point regions, in the first
case after the region (2018-03) and in the second case before the region (2020-03). We
also see an immediate increase after the drops in both cases, even though it is steeper
in the second region, achieving values similar to the start of the plot, with 30% of the
engagement directed towards low-quality sources. These two “bounce-back” effects are
driven mainly by conservative-learning users. Note that the second bounce-back effect
coincides with the Covid-19 pandemic and might be related to its respective information
crisis.

Similar to the case of domain ideology, Fig. 6 (bottom row) shows violin plots of domain
quality distributions for each group for selected months around the main engagement
change points. While all distributions are broad, the liberal (and centrist and undefined)
groups exhibit a higher concentration of engagement in higher-quality domains compared
to conservatives.



Fraxanet et al. EPJ Data Science           (2025) 14:73 Page 17 of 24

We observe two main changes in the low-quality region of domain quality scores which
appear temporally related to the two minima of Fig. 5F. The first, linked to the first change
point, is characterized by the disappearance of a set of outlets with quality scores around
0.28. This shift appears mainly in the center/undefined ideology user classes (compare
1st and 2nd bottom violin plots). The second change, associated with the second change
point, is marked by a progressive increase in engagement with domains scoring around
0.38, as shown in the last three panels of the bottom row.

In Fig. 7 (bottom) we show the distribution of clicks per month in each domain qual-
ity bin. The two distinct regions below and above the quality score bin centered at 0.58
support our choice of a threshold around 0.6 for trustworthy news, as recommended by
NewsGuard [34]. The set of domains above this bin, which corresponds to medium and
high-quality domains, dominates engagement (most of the clicks fall into that area of the
figure), but there still are some low-quality domains that receive comparable engagement.

Regarding the trends in low-quality domains, we highlight three key events in Fig. 7 that
help us better understand Figs. 5F and 6 (bottom row). The first event (A) coincides with
the first algorithmic change and is characterized by a sudden drop in engagement with
domains with quality scores around 0.28. The second and third events occur during the
period of the second algorithmic change: event (B) marks another sharp decline affecting
all low-quality source domains, followed by event (C), a rapid rebound driven primarily
by domains with quality scores around 0.38.

5 Discussion and conclusions
5.1 Summary of findings
The aggregate analysis shows U-shaped patterns of engagement that indicate more ex-
treme users are more likely to engage actively with content, particularly through com-
ments, likes, and expressions of anger (RQ1). This is in agreement with prior research
showing that individuals with stronger ideological leanings and greater interest in news
are more likely to participate in activities such as commenting and sharing [42].

Additionally, we find that news diets of users, and engagement with such news, are bi-
ased toward their ideological leaning (RQ2). However, these biases are not symmetric.
Consistent with observed trends of asymmetric polarization in congressional media en-
gagement over time, driven primarily by a growing engagement extremity by Republicans
in Congress [5], our findings reveal a pronounced bimodal pattern for conservative users,
characterized by a division between moderate and a more extreme sources. Liberals, on
the other hand, have a shifted unimodal pattern. In terms of quality, we also find that con-
servative users predominantly consume content from lower-quality domains, with this
tendency becoming more pronounced the more extreme the users are. This agrees with
previous literature [20, 21].

Our findings align with prior research on the dissemination of vaccine-related news in
Italy from 2016 to 2021, which also observed a U-shaped relationship between engage-
ment and narrative bias, where more extreme narratives attracted higher engagement [3].
Our results provide additional evidence for this pattern, which can be understood as the
outcome of multiple factors, including users’ tendency to engage predominantly with ide-
ologically aligned news and the greater propensity of more extreme users to actively in-
teract with news content.

The longitudinal analysis, on the other hand, reveals two distinct change points in en-
gagement trends: an upward trend commencing in 2018 and a downward trend starting
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in 2020 (RQ3). We find the same results for the engagement to URLs that are not in our
popular news domain list, which suggests this is a platform-wide pattern (RQ4). The ini-
tial upward trend is accompanied by a moderate increase in the ideological gap and a rise
in the prevalence of lower-quality sources, which is followed by a gradual decline until
early 2020. Conversely, the second change in the engagement trend is accompanied by a
sizable increase in the ideological gap and prevalence of lower-quality sources followed
by a moderate decrease later in 2020 (RQ5a and RQ5b). Since we observe two opposing
changes in engagement (an increase in 2018 and a decrease in 2020) that lead to similar
effects in terms of news partisan segregation and quality, we conclude that the relation
between engagement and phenomena such as misinformation or ideological segregation
is not trivial.

Our analysis also identifies two distinct and abrupt decreases in the proportion of en-
gagement with low-quality sources. Each of these declines is associated with the sudden
disappearance of a different set of low-quality domains and are closely aligned with the
detected change points (RQ5b).

Below, we connect these observations with their potential relation to known News Feed
algorithm changes.

5.2 Contextualization of our results with the Facebook News Feed algorithm
A major update in Facebook’s News Feed algorithm occurred at the start of 2018 [26–28].
This update had the purpose of overturning an observed downward trend in user engage-
ment. It introduced the metric of Meaningful Social Interactions (MSIs) and rewarded
posts that were likely to trigger certain types of engagement (especially comments and
reshares, but also reactions such as haha’s, wow’s or angers). A second update, somewhat
less documented, appears to have occurred at the beginning of 2020 [27, 28]. The purpose
seems to have been not so much to boost engagement as to limit the spread of particu-
larly toxic, divisive or, low-quality posts, through limiting long chains of reshares. Among
other things, it apparently took away the boost given to reshares, while keeping it high for
comments [27, 28].

A natural question that arises is whether the changes in engagement observed in the lon-
gitudinal analysis are related to the changes in the News Feed algorithm mentioned above
and, eventually, what the underlying mechanism(s) may be. Matias [43] and Narayanan
[28] emphasize the importance of asking this kind of question.

Consider the 2018 update. It increased the weights attached to specific types of engage-
ment (comments, shares, reactions etc.) with the stated objective of increasing overall
engagement (“meaningful social interactions”) [26, 27]. At the same time, however, as our
longitudinal analysis suggests, the increase in engagement came with increased ideological
segregation of news consumed by liberals and conservatives and a decrease in information
quality. This would be in accordance with Simchon et al. [44], whose results indicate that
for political contexts polarized language is associated with higher engagement in social
media.

In terms of quality, we believe that a possible explanation for this phenomenon, based
on the aggregate analysis, comes from the fact that more extreme users consume more
extreme content and, particularly for conservative users, also of lower quality. This, com-
bined with the U-shaped patterns of engagement, suggests that more extreme users are
more likely to engage with comments, likes or angers than moderate ones. Hence an al-
gorithmic update that boosts the weights on, say, comments (that are strongly U-shaped),



Fraxanet et al. EPJ Data Science           (2025) 14:73 Page 19 of 24

makes posts that are likely to generate comments more visible to users. But because more
extreme users are more likely to comment and such users tend to consume more extreme
and (in part) also lower quality content, the algorithmic boost will tend to make more ex-
treme and lower quality content more visible. The latter will in turn be more likely to be
commented on, making it even more visible, and so on. Related to these questions, Ger-
mano et al. [45] study such feedback loops occurring in response to algorithmic changes,
and Chavalarias et al. [13] also study associated network effects. Going through the feed-
back loop between algorithm and user engagement, applying the above logic to an update
such as the MSI (2018), may well trigger increased engagement but also more ideolog-
ical segregation in the distribution of that engagement (because of the more oppositely
extreme content being consumed on both sides) and more low-quality information (be-
cause of the lower quality content being consumed, especially on the conservative side).

By contrast, the 2020 update seems more difficult to reconcile with the observed pat-
terns, since, unlike the 2018 update, it did not boost the weights on engagement but rather
reduced them, especially for the reshares [27, 28]. We observe reduced engagement but
also an increased ideology gap and a stronger prevalence of low-quality sources. One point
that may be worth emphasizing is that reshares have a visibly less U-shaped pattern than
comments, whose weight remained high in the News Feed ranking algorithm. It is there-
fore not inconceivable that a reduction in the weight of reshares (not really U-shaped)
while maintaining the weights on comments high (strongly U-shaped) may make com-
ments relatively more important and may therefore boost those undesired effects in terms
of consumption of more extreme and low-quality sources. Clearly, the precise role of the
differences in weights for different engagement patterns and their relation to engagement
as well as segregation of news consumption and diffusion of low-quality news is something
that requires access to more detailed information and seems worth exploring further.

6 Limitations
We conclude by addressing the limitations of this study in Sect. 6.1. Potentially related
dataset issues and their implications are described in Sect. 6.2.

6.1 Study limitations
This work focuses on interactions with some of the most engaged news-related URLs on
Facebook from 2017 to 2021, specifically targeting content from the top 1% of the most
viewed news domains in the US during this period [22], which accounts for over 77% of
the total URL views on Facebook in the US from 2017 to 2020. Given the heavy-tailed
distribution of engagement on social media platforms, this cutoff is not arbitrary but re-
flects a pragmatic balance between coverage and signal quality. Including low-engagement
domains would introduce substantial noise due to the platform’s differential privacy con-
straints, as such domains typically hover near the dataset’s inclusion threshold and offer
little usable signal. While it is possible to compare part of the analysis with other con-
tent from less popular or non-news sources, it is not feasible to meaningfully assess the
ideological or quality bias of such content. Therefore, our approach provides critical in-
sights into prominent trends in news consumption but may exclude niche content with
limited reach. Consequently, the findings should not be generalized to less engaged, less
circulated, or non-news content.

Furthermore, because the data and engagement behaviors analyzed are specific to Face-
book, our findings should not be generalized to other platforms or to the broader online



Fraxanet et al. EPJ Data Science           (2025) 14:73 Page 20 of 24

information ecosystem without caution. Different social media platforms have distinct af-
fordances, audiences, and content ranking mechanisms, which may shape ideological and
quality-related engagement in different ways.

Another limitation of this study is that we use ideology and quality scores that are de-
fined at the domain level rather than at the level of specific news URLs. This is well-
documented, as using the average partisanship of source audiences provides a relative
measure of partisanship [4, 22, 46], rather than an absolute one. In our study, this dis-
tinction does not have significant implications for most domains. However, it could be-
come relevant in domains where individual scores exhibit a multimodal distribution. This
could result in slightly underestimated measures of the ideological gap, as well as slightly
overestimated corresponding standard deviations.

Similarly, the domain-level quality scores used in this study are composite metrics that
aggregate multiple dimensions (e.g. factual accuracy, transparency, and editorial stan-
dards) into a single reliability score [34]. While this provides extensive coverage, it limits
interpretability, as a low score may reflect different underlying shortcomings across do-
mains. As such, our analysis captures general trends regarding the reputation of domains
but cannot disentangle specific quality-related mechanisms at the content level.

A related limitation of our study lies in its reliance on aggregate engagement data, which
precludes us from analyzing individual-level media consumption behaviors. This raises
the possibility that some of the trends we observe—particularly the growing ideological
gap and engagement with low-quality content—may be driven by a relatively small group
of highly active users. This concern has been raised by Guess [31], who found that while a
small subset of users consistently engaged with highly partisan and ideologically skewed
online media content, most individuals exhibit far more moderate and diverse media di-
ets. Our results, while robust at the aggregate level, must therefore be interpreted with
caution, as they may reflect the outsized influence of this hyper-engaged minority. This
phenomenon of aggregation bias is an important consideration in the interpretive validity
of our findings.

Moreover, our metrics not only do not make claims about individual-level ideological
shifts, but also do not address affective polarization, or user attitudes toward opposing
groups. Nor do we interpret our findings as direct evidence of increasing societal polar-
ization. Rather, we study how user engagement behavior, which is shaped in part by algo-
rithmic design choices, relates to the ideological distribution of news content consumed
on the platform.

Finally, our study analyzes temporal patterns in engagement derived from time se-
ries data, but it is important to recognize that significant exogenous events, such as
the COVID-19 pandemic (beginning in March 2020), the US 2018 Midterm elections
(November 2018), and the US Presidential elections (November 2020), may have sub-
stantially influenced the observed engagement trends. While our discussion focuses on
the association between engagement and the impact of modifications to Facebook’s news
feed algorithms, which are compatible with the reported phenomena, making causal state-
ments remains challenging due to the concurrent influence of multiple external events on
user exposure to news.

6.2 Potential dataset issues and their impact in this study
The 100 shares cutoff—The dataset only includes URLs that were shared publicly at least
100 times a month (plus Laplacian noise) on Facebook [19]. While this censoring can gen-
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erate bias [37], it should not particularly affect our study, since we are already applying a
filtering on news from popular domains (see Sect. 2.1). However, this bias may skew to-
wards viral posts within those domains, as well as a particular subset of users who engage
with such content. Also, since we do not have access to individual-level data, we may be
missing the effects of small population segments that may contribute to spreading low-
quality information through reshares.

Impact of the Privacy Protection—The Facebook URL dataset is protected with differ-
ential privacy [19, 36] by perturbing URL counts with zero-centered Gaussian noise with
variance depending on the interaction type, to prevent tracing actions to specific users or
URLs.

Evans and King [36] show that ignoring such differential privacy protections can lead
to unpredictable biased results. They provide corrections in feasible scenarios, especially
for linear models. For example, the computation of uncertainty intervals in engagement
counts is detailed in the Supplementary Information 1A. For more complex models that
involve, e.g., weighted average metrics, there are no available corrections in closed form.
For situations involving a noisy denominator, such as the ones in this work, Evans and
King [47] and Buntain et al. [22] show that for high enough signal-to-noise ratio estimates
of the denominator, it is possible to ensure reliable metrics.

To assess the reliability of our results in the presence of noisy ratios, we take the following
steps: (I) We compute the Signal-to-Noise Ratio (SNR) of the denominator [22, 47] to
avoid problematic cases. A high value of SNR ensures that the noise is sufficiently low,
preventing inflation of the metric or pathological outcomes such as having a zero in the
denominator. Generally, for all metrics involving a noisy denominator in our analysis, we
find SNR > 105. Although no universally accepted threshold exists, our SNRs are much
larger than what has been considered sufficient in other studies. For example, an SNR
threshold of 16 was obtained by Buntain et al. [22] for reliable ideology estimates. This
suggests that our findings can also be considered reliable. (II) We determine the noise
uncertainty intervals of the ratios using a worst-case scenario approach, as outlined in the
Supplementary Information 1B.

Past issues with the Dataset—The dataset has encountered occasional data integrity is-
sues.4 A significant discrepancy was identified on September 10, 2021, where data from
US-based users with undefined PPA, which account for more than half of the engagement
in the platform, was missing. This issue was detected after researchers had already begun
using the dataset and was reportedly retroactively corrected [38]. Such lapses highlight
the challenges of relying on datasets managed by platforms with limited transparency in
their data collection processes.

7 Ethical considerations
Access to the dataset is governed by an application process and formal agreement, facil-
itated through Facebook’s servers to ensure user privacy. While this protects user data,
it poses challenges for replication by other researchers and even ourselves, particularly if
access is revoked or the dataset undergoes changes.

The dataset’s limitations prevent us from disentangling the influence of algorithmic rec-
ommendations in user news feeds from the impact of their social network, considering

4See for example: https://www.nytimes.com/live/2020/2020-election-misinformation-distortions#facebook-sent-flawed-
data-to-misinformation-researchers.

https://www.nytimes.com/live/2020/2020-election-misinformation-distortions#facebook-sent-flawed-data-to-misinformation-researchers
https://www.nytimes.com/live/2020/2020-election-misinformation-distortions#facebook-sent-flawed-data-to-misinformation-researchers
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both friend connections and pages. Friendship networks, and their degrees of homophily,
play a role in the spreading dynamics of reshares in contrast to comments or likes. This
complexity adds a layer of uncertainty to our analysis.

Finally, the opacity surrounding platform features, such as alterations in the weighting
of engagement metrics in the recommendation pipeline and their role in the overall News
Feed algorithm, poses a significant challenge. This limits our study to descriptive and ex-
ploratory analysis, leaving many questions regarding the platform’s mechanisms as open
questions or mild hypotheses.

We explicitly discourage using our research to draw potentially negative conclusions
about subsets of users regarding their ideology.
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