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Abstract. The reliability and political bias differ substantially between
news articles published on the Internet. Recent research has examined
how these two variables impact user engagement on Facebook, reflected
by measures like the volume of shares, likes, and other interactions. How-
ever, most of this research is based on the ratings of publishers (not news
articles), considers only bias or reliability (not combined), focuses on a
limited set of user interactions, and ignores the users’ engagement dy-
namics over time. To address these shortcomings, this paper presents
a temporal study of user interactions with a large set of labeled news
articles capturing the temporal user engagement dynamics, bias, and
reliability ratings of each news article. For the analysis, we use the pub-
lic Facebook posts sharing these articles and all user interactions ob-
served over time for those posts. Using a broad range of bias/reliability
categories, we then study how the bias and reliability of news articles
impact users’ engagement and how it changes as posts become older.
Our findings show that the temporal interaction level is best captured
when bias, reliability, time, and interaction type are evaluated jointly.
We highlight many statistically significant disparities in the temporal
engagement patterns (as seen across several interaction types) for dif-
ferent bias-reliability categories. The shared insights into engagement
dynamics can benefit both publishers (to augment their temporal in-
teraction prediction models) and moderators (to adjust efforts to post
category and lifecycle stage).

Keywords: User interactions · Bias · Reliability · Temporal dynamics
·

1 Introduction

Despite 74% of all Americans believing that the propagation of online misinfor-
mation is a big problem [9], a very large fraction of users today obtains their
news via social media [16]. In this environment, news articles are often prop-
agated based on other users’ interactions with the news (e.g., through likes,
comments, and sharing of posts linked to various news articles). Indeed, users’
interactions (and their engagement) with different news are becoming the big
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driver for which news are most likely to be viewed by others, and hence also
which news are given the best chance to impact other users’ views of the world,
including their opinions and thoughts on various current issues.

With increasing (political) polarization [11] and news articles often having
vastly different reliability levels, it is therefore important to measure and under-
stand whether there are fundamental disparities in the users’ interaction dynam-
ics with news articles that have different levels of reliability and political bias.
In this paper, we provide a rigorous temporal analysis in which we identify cases
of statistically significant disparity in the user interaction dynamics with differ-
ent classes of news articles. Our findings provide insights into how and when to
better protect against and/or slow down the spread of misinformation.

Combined impacts, granularity levels, and per-article-based news
classification: While reliability represents the degree of factual reporting, bias
refers to the tendency for journalists to favor one political side or another in their
reporting, sometimes even without being aware that they are doing so. Prior re-
search has established a link between the bias and reliability of news articles
and how people engage with and distribute them. For example, by focusing on
the reliability factor, Vosoughi et al. [20] showed that false information spreads
substantially farther, faster, deeper, and more widely than the truth. Examining
the bias parameter, Wischnewski et al. [22] discovered that users are more in-
clined to share hyperpartisan news pieces that coincide with their own political
views. Limited works like [3] have considered both these parameters but studied
them independently. There are even fewer studies that consider both parame-
ters in combination. The primary exception is the work by Edelson [4], which
findings indicate, among other things, that while misinformation generates less
engagement than non-misinformation, it can nonetheless account for a significant
percentage of the overall engagement (e.g., 37.7% on the far left).

Regardless of the bias or reliability parameter, there are also big differences
in the granularity that each parameter has been classified and whether all news
articles of a news outlet have been classified the same or individually. Both these
aspects impact the applicability of the results. First, while a few works used
several levels for the studied factors (e.g., [13]), most previous studies analyzed
data at the binary level, including the only other work that considers both
bias and reliability in combination. In their work, they label news as either
reliable or not reliable [4]. Second, while most prior works (including the work
by Edelson [4]) give the same bias/reliability score for all news articles published
by a publisher, only a few papers have used the ratings of individual news articles.
We argue that this is of significant importance for the generalization of the result.
Otherwise, for example, political, sports, or science news published by Fox News
would all receive the same reliability and political bias classification. In practice,
two news articles from the same publisher or even by the same author can have
significantly different ratings.

In summary, the majority of prior research is based on the ratings of publish-
ers (not news articles), considers only bias or reliability (not both combined),



1. INTRODUCTION 3

use a limited news article classification (e.g., binary), focuses on a limited set of
user interactions, and ignores the users’ engagement dynamics over time.

Main contribution: This paper addresses the above shortcomings of the
current literature by presenting the first temporal analysis of the user interaction
dynamics with news articles of varying degrees of (political) bias and reliability.
We consider a spectrum of user interactions and study the impact of bias and
reliability in combination. In contrast to prior works studying the interaction
dynamics as part of the political conversations (in online social networks) during
elections and other events [7, 18, 8], our focus here is instead on the roles that the
bias and reliability play in the dynamics. Another novel aspect of our temporal
analysis is that we compare the temporal dynamics seen using different classes of
interactions with the news, including likes and shares of posts linking the news
articles. Only a few works have considered all types of user interactions (e.g.,
Edelson et al. [4]) but none of them consider the relative dynamics or the impact
of bias and reliability on the dynamics. Finally, we examine the predictability of
the total amount of user engagement that news articles of different classes may
receive based on the interactions it has received thus far.

Temporal dynamics and research questions: To study the temporal
dynamics at the granularity and scale needed to address the above limitations
of prior works, we obtain and study temporal traces of all types of user inter-
actions for around 18K news articles that have been individually scored based
on their bias and reliability. For the news article labeling, we use data from Ad
Fontes Media, and we use CrowdTangle to obtain temporal data for all classes of
user interactions with all Facebook posts discussing or linking the labeled news
articles. Using several carefully designed prepossessing steps, we then study the
observed temporal dynamics and address the following research questions:

RQ1 How do the bias and reliability of a post affect the temporal dynamics of a
user’s engagement with it?

RQ2 Using its intermediate interactions as a predictive criterion, how does the
bias and reliability of a post affect the prediction of the total engagement it
will receive?

RQ3 How do the temporal dynamics of user engagement differ across different
interaction types, and how does this variation relate to the bias and the
reliability of the post?

Empirical example findings: Our analysis uncovers several interesting ob-
servations. In comparison to left-leaning posts, right-leaning posts receive more
interactions per post. Considering the reliability, the “Most unreliable" and “Most
reliable" news receives the maximum number of posting per article. Consider-
ing the temporal dynamics of interactions, our findings show that the temporal
interaction level is best captured when bias and reliability are evaluated jointly.
We highlight different joint bias-reliability classes that deviate from the temporal
dynamics of the bias or reliability classes they belong to. In terms of interac-
tion changes over time, the “most reliable” posts and the “most unreliable” posts
exhibit opposite trends. Here, the “most reliable” news is experiencing a faster
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decrease (than average) in the interaction rates, whereas the “most unreliable”
news experience a faster than average increase in the interaction rates, as seen
over time.

We find that when examining just the number of likes that a post receives
within the first hour of publication, the reliability of the post is positively associ-
ated with the normalized (over the total number of interactions) number of likes
received. In other words, during this period of time, the posts that are considered
“most reliable” receive the highest number of likes. Finally, when considering the
outlet-specific analysis, we find that despite Fox News and the New York Times
having different political biases, in both cases, relatively unbiased posts receive
greater interaction rates during the initial stages compared to their biased posts.

Example beneficiaries: Various stakeholders can benefit from our contri-
butions. Researchers will benefit from our quantitative analysis of the temporal
dynamics of user engagement with various types of news, including our use of
statistical tests to back up example findings captured in the different stages of
our time-series analysis. We share the code used to produce the results,1 al-
lowing others to reproduce and expand on our findings. Among practitioners,
Facebook content moderators may use knowledge about the statistical disparities
highlighted here between the user interactions with reliable and unreliable news
to better focus their resources during the different stages of a post’s lifetime.
Furthermore, news content providers may incorporate the mentioned temporal
patterns into their engagement prediction models.

Roadmap: The remainder of the paper is organized as follows. Section 2
describes how we collect and analyze the data. Here, we also provide detailed
definitions of the normalized metrics computed and used. Section 3 presents our
results for the complete dataset, as well as the outlet specific results. In Section 4,
we explore the extent to which we can predict the maximum interaction volume
based on the intermediate number of interactions. Sections 5 and 6 discuss re-
lated works and limitations, respectively. Ethical considerations are discussed in
Section 7, before we conclude the paper in Section 8.

2 Methodology and Dataset

We first describe our methodology and dataset. Section 2.1 describes the news
article selection and the labeling of articles. Section 2.2 describes the filtering
we applied to have a clean dataset. Section 2.3 describes how we collected the
Facebook posts sharing each news article, as well as temporal data of the user
interactions associated with each such post. In Section 2.4, we determine time
thresholds (based on the number of total interactions between consecutive time
thresholds) that together define a sequence of time buckets with equalized (total)
number of interactions per time bucket. For our (later) temporal analysis, we
use these bucketized time sequences of the interactions associated with different
subsets of news articles (where each subset contains the articles with a specific

1 https://github.com/alireza-mon/pam2023
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Table 1: Bias classes and their intervals.
Bias class Far left Skews left Balanced Bias Skews right Far right
Bias range [-42, -18] (-18, -6] (-6, 6) [6, 18) [18, 42]

bias/reliability label). In Section 2.5, we explain the normalization process we use
to provide a fair head-to-head comparison between different subsets. Section 2.6
provides a summary of the final dataset.

2.1 News Article Selection and Bias/reliability Labeling

There exist several independent evaluation efforts to asses the bias and/or relia-
bility of individual news articles and/or news sources. Examples include Media
Bias Fact Check 2, Ad Fontes Media 3, AllSides 4, and NewsGuard 5. Of these,
we selected to use data from Ad Fontes Media for the following primary rea-
sons: (1) they evaluate individual news articles, (2) each evaluated article is
scored with regard to both bias and reliability, (3) the dataset contains over 30K
articles covering over more than 1,500 sources, and finally (4) they provide a
transparent strategy, published and explained in a white paper [14].

For each news source, Ad Fontes Media selects sample articles that are promi-
nently featured on each source’s website over multiple news cycles. To prioritize
popular news sources, they rank the news sources and organize them into tiers
that are given different sample frequencies. Specifically, they label approximately
15 articles per month for the top-15 sources, seven articles per month are labeled
for the next 15 sources, the rest of the top-200 sources are assigned approximately
five new labeled articles per quarter, and the following 200 articles (ranks 201-
400) are updated approximately five times per six months. As mentioned in their
white paper [14], they attempt to strike a balance between rating new sources
and updating current ones with more recent samples. As a result, the dataset
consists of news articles spanning both a broad range of news sources and cap-
turing many samples from popular new sources seen over time.

Each article in the Ad Fontes Media dataset is evaluated with regard to both
bias and reliability by at least three human analysts with a balance of right, left,
and center self-reported political perspectives. The bias scores reported by Ad
Fontes Media range from -42 to +42, with greater negative values indicating a
more leftward bias and positive values leaning toward the right party. For the
reliability scores, they use grades from 0 to 64, with 64 being the most reliable
news. Note that 42 and 64 (not usual numbers used for scales) are arbitrarily
selected by Ad Fontes Media, as described in [15]. For the analysis presented
here, we binned the bias scores into belonging to one of five bias ranges and
we binned the reliability scores into four reliability ranges. Ranges and assigned

2 https://mediabiasfactcheck.com
3 https://adfontesmedia.com
4 https://www.allsides.com
5 https://www.newsguardtech.com
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Table 2: Reliability classes and their intervals.
Reliability class Most Unreliable Unreliable Reliable Most Reliable
Reliability range [0, 16) [16, 32) [32, 48) [48, 64]

labels are provided in Tables 1 and 2, respectively. Due to the smaller sample
size of extremely biased news articles (both to the left and right) we used larger
bin sizes for articles labeled as “Far left" [-42, -18] or “Far right" [18, 42].

2.2 Preprocessing of News Articles

We first and on August 2, 2022 received resources evaluated by Ad Fontes Me-
dia and their corresponding bias and reliability values. Second, we used Ad
Fontes Media’s search functionality to prune the dataset to include only news
articles. After removing television shows and podcasts, the dataset contained
27,547 articles. Third, through manual examination, we identified and removed
several videos and television shows from the remaining results (e.g., some shows
from https://www.rushlimbaugh.com). Fourth, to reduce the effects of potential
long-term trends/biases, we restricted the final dataset to articles published af-
ter 2018. To determine the publication date of each news article, we calculated
the minimum of the following four values:

– The news article’s earliest archived date on web.archive.org.
– The publication date of the article is extracted from the article page using

the htmldate python package, which applies heuristics on HTML code and
linguistic patterns to derive a page’s publishing date.

– The minimum post date of all Facebook posts sharing the URL.
– The minimum post date of all tweets sharing the URL.

Finally, we excluded news pages that did not refer to news articles but rather
pages reporting on an event over a period of time6. Following these steps, the
dataset contained 27,329 articles from 986 domains.

Before trying to identify social media posts pointing to a news article, it is
important to note that not all links to an article will look the same. To ensure
that we find as many posts referencing the identified articles as possible while
avoiding false positives, we next calculated the canonical form of the URL of each
news article. By canonical form, we mean the minimum form of the URL that
uniquely identifies any shared version of the URL. As an example, we identified
several campaign query parameters used to augment numerous URLs that we
could remove. Appendix A.1 explains our procedure to compute the canonical
form of the URLs.

6 e.g., reuters.com/subjects/myanmar-reporters
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2.3 Temporal User Engagement of Related Facebook Posts

We next used the CrowdTangle API to collect (1) all their Facebook posts in-
cluding one of the news article URLs, as well as (2) the temporal data of users’
interaction with these posts. The CrowdTangle platform [6], which is owned by
Facebook, indexes the posts and engagement data for around 7 million pages,
including “more than 50K likes pages, all public Facebook groups with 95k+
members, all US-based public groups with 2k+ members, and all verified pro-
files" [6], as well as any pages added to a CrowdTangle list by those with access
to it. For collecting the Facebook posts, we opted to use the “/Links” endpoint of
the CrowdTangle API. This ensured us that all shortened versions of the URLs
were also collected. To collect the maximum number of posts related to each
article, we passed the canonical form of the URL to this end point. In addition,
we strived to account for instances in which query strings were included in the
URLs’ canonical form.

The data collection was done on or after Sept. 1 (2022) for all posts pub-
lished before Sept. 1. By including only articles published before Aug. 2, our
methodology ensures that at least 4 weeks had passed since the publication date
of any articles included in our dataset. Since most posts sharing news articles
occur soon after an article is posted, the 4-week gap (between the collection
of articles and posts) allows us to collect (the 21 days) temporal interaction
data for all posts associated with the studied news articles. Similarly, the 4-week
threshold also ensures that we can catch most of the posts linking an article. In
this study, we removed any articles that did not have any published posts. After
this filtering, the dataset included 21,872 labeled articles for which we extract
the temporal interaction data.

Using CrowdTangle, we compile temporal user interaction data for the num-
ber of likes, shares, comments, and emoji-based interactions such as Like(s),
Wow(s), Sad(s), Angry(s), Love(s), and Haha(s). For each of the above metrics,
as well as for the total interactions (across all actions allowed by users), Crowd-
Tangle breaks the first (approximately) 21 days after the post is published into
74 roughly exponentially increasing time steps and provides the number of user
interactions for each of the user interactions at each of these time steps. The
increasingly sparse sample rate used by CrowdTangle is most likely motivated
by most posts being short-lived and the interaction rates quickly reducing over
time. We illustrate this in Fig. 1, where we show the cumulative fraction of all
interactions that have taken place after some time since the posting time of each
studied post in our dataset (with time on log scale).

For most posts, we have temporal data for the full 21-day period (the max-
imum age at the final data point for any posts observed in our dataset was 23
days). In addition to this temporal data, we also extract other post-related data
from CrowdTangle, including the date that the post was published.

Here, it should be noted that a user sharing a post essentially pushes the
post to the timeline of their friends and followers, and their statistics do not
include the shares of a post (on the original shares of a post). For comments
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Fig. 1: Cumulative fraction of interactions (min: minutes, h: hours, and d: days).

statistics, the API counts all comments on the post and all first-level replies to
those comments.

2.4 Time Partitioning

For studying the temporal dynamics of the posts, we break up the 21-day time
period into smaller time buckets and then study the dynamics of user interactions
over each of these time-bucket sequences. For the analysis presented here, we used
four time buckets and selected the time thresholds used to define the bucket sizes
so that each bucket had roughly the same total number of interactions. More
specifically, we selected the time thresholds so that they represent the points
where 25%, 50%, and 75% of the overall interactions (sum of over all interaction
types) have been observed by CrowdTangle (and apply linear interpolation when
thresholds fall between sample points). The determined threshold values are
shown and highlighted (using red lines) in Fig. 1. As expected, the decreasing
interaction rates, result in increasing time bucket sizes.

While we observe approximately straight-line behavior for part of the param-
eter range, we note that the above selection process does not require any assump-
tions about the actual probability distribution. This selection also helps provide
fair head-to-head comparisons (using statistical tests) between the interaction
differences observed during the four different stages, effectively maximizing the
information gains from comparing the interaction dynamics of the users across
the four phases.

2.5 Capturing Engagement Dynamics

By picking time buckets of equivalent size in terms of interaction volume, we
can better compare the number of user interactions of each type in each time
bucket. For our primary comparisons, we first define a metric called the Total
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Table 3: Dataset summary statistics.
Articles# Domains# Posts# Total interactions# Bias mean Reliability mean
17,966 953 106,325 81,891,888 -1.08 (std:10.11) 40.47 (std:8.59)

Interactions Covered Ratio (TICR), defined as the percentage of total interac-
tions that a post receives which are covered within a specific period of time. For
example, if a post receives a maximum of 600 interactions over the full timeline
and 200 interactions between hours 1 and 5 (following its publication), then the
TICR is 33% for this period.

After computing the TICR values for all the times that the current post has
been probed on, we calculate the average observed over the successful probes
done within each time bucket. This procedure is repeated for all time buckets
and posts.

At this stage, we removed any post that was not probed at least once during
each of the four buckets or that received fewer than ten interactions in total
(including the ones with zero interactions). This helps remove noise from non-
popular posts and improves the stability of the results.

Finally, after the above per-post filtering, we removed any article without
any remaining posts. Table 3 provides summary statistics for the final dataset.

We next use the bias-reliability labels of the articles associated with each post
to compute statistics for each bias-reliability pair and time bucket. For most of
our analysis presented here, we report the mean values observed for each time
bucket and interaction type, as well as perform statistical tests on the relative
mean values.

2.6 Dataset Summary

Given the above steps, for each bias-reliability class and for each interaction
type, we have the bucket-based temporal sequences of the user interactions to
the posts associated with news articles of that class. Figs. 2a and 2b summarize
the number of articles we have in each bias and reliability class and the number
of posts for which we have completed such sequences, respectively, as broken
down per bias-reliability category. In addition to five categories for bias and four
categories for reliability, we include one column and one row for the aggregate
statistics combining all categories of reliability and bias, respectively. With this
design, the overall observed articles (17,966) and posts (106,325) are shown in
the top-right corners of the first two sub-plots, respectively.

While there are some categories (primarily the “most unreliable less biased"
articles and the “most reliable" but extremely biased articles) for which we only
have a small number of articles with complete stats, we often have enough posts
for our analysis also for these categories. In fact, most categories have a signifi-
cant number of posts per article on average (Fig. 2c). In terms of the normalized
number of posts that shared them, the eleven articles in the most unreliable-left
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and the most reliable-right classes were the most successful, as shown in this fig-
ure. Moreover, we observe that, among all classes of reliability, the two extreme
classes are shared the most.

We also provide summary statistics for the total number of interactions (ir-
respective of interaction type), calculated as the sum of all interactions.7 As
shown in Fig. 2d, 81.9 million interactions have been recorded for the posts in-
cluded in our final dataset. As expected, the interactions are correlated with
the number of posts. To determine objectively which class performs better in
terms of interactions per post, we present the normalized number of interactions
(over the number of posts) in Fig. 2e. As is noticeable, the right party (both “far
right" and “right") receives more interactions. Regarding reliability, however, it
is shown that the “most unreliable" news are the least engaging for users. We
next present the results and analysis of the temporal sequences.

Key observations: In comparison to left-leaning posts, right-leaning
posts receive more interaction per post. In terms of reliability, the “Most
unreliable" news receives the minimum interaction per posting.

3 Results

3.1 High-level Analysis of the All Interactions Dynamics

Let us first consider the cases when all interactions are aggregated into one
interaction metric, calculated as the sum over all interaction types. Fig. 3 shows
the temporal interaction dynamics of this metric in terms of TICR. Here, we
again show the five categories of the bias and an “All" category (that combines
all observations regardless of bias) as rows in each sub-plot and show the four
categories of the reliability plus an aggregate “All" category (that combines all
observations regardless of reliability) as columns. The four sub-plots, going from
left to right, show the results for the time buckets containing all sample points
(as described in Sections 2.3 and 2.5) associated with the following time buckets:
(1) 0 to 1 hour and 17 minutes, (2) 1 hour and 17 minutes to 5 hours and 16
minutes, (3) 5 hours and 16 minutes to 17 hours and 28 minutes, and (4) 17 hours
and 28 minutes until the end of the timeline of each post we study (typically
21 days). We use a timeline with green markers to illustrate this bucketization.
As expected from the definition of TICR (Section 2.5) and our selection of time
bucket thresholds (Section 2.4), the TICR value for the “all news" case (i.e., the
right-top-most cell) of each bucket is 25%.

In each bucket, the mean TICR value for all posts belonging to the respective
class and bucket is depicted (using heatmap colors). To capture the variances
of each class and thereby quantify the reliability of the mean reported for each
group, the coefficient of variation of the mean (cvmean)(i.e., standard error of

7 For example, if a post receives 6 likes, 2 comments, 3 shares, and no other interac-
tions, the value of the total interactions for this post is 11.
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Fig. 3: Temporal dynamics of the total interactions (⋆: coefficient of variation of
the mean is smaller than 4%, ▲ and ▲: has deviation from the previous time
bucket with p-value <0.05).

the class divided by its mean) of that class in percentage is computed. Then,
we mark the class with an asterisk (⋆) if cvmean is smaller than a threshold.
In the following, we decided on the value of 4% as the threshold. Accordingly,
the classes for which the cvmean is higher than 4% (due to not having enough
samples or having high variances) do not receive the asterisk.

Regarding selecting 4% as the cvmean threshold used for the above statistical
tests, we first note that this value is small. For example, for the general popula-
tion, which has a mean of 25, this threshold is equal to a standard error of 1.0.
The use of such a small threshold allows the comparison of all classes to be made
in a more reliable way. Furthermore, we have found that with this selection, any
two classes with “asterisks” within the same time bucket whose TICR values are
at least 0.2 units apart (from each other) always have statistically significantly
different means at the 90% confidence level. This finding has been validated for
all category pairs and time buckets using t-tests for comparing the means of
these classes, and the p-values are always less than 0.18.

To come to the above thresholds, we performed pairwise comparisons between
all the classes for each bucket using different example thresholds. For each case,
this corresponds to calculating a 30 × 30 table of pairwise tests, in which each cell
include the p-value (capturing the statistical significance of the pairwise mean
comparisons). Clearly, showing this table – even for a single bucket (and example
threshold)– takes a lot of space. For this reason, we instead simply report the
determined thresholds (in our case 4% and 0.2 point difference) and mark the
classes that satisfied the 4% criteria with an “asterisks”. As an example, if we
turn our attention to the first bucket, we note that the “most reliable” group’s

8 Here, we use independent samples t-test when the classes are independent and de-
pendent samples t-test when the classes are not independent. Examples when the
dependent test is used, include cases when a class is compared to its parent bias
or parent reliability class (that it belongs to); e.g., comparison between the “right-
unreliable” class and the “right” (over all biases).
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TICR mean is higher than that of the “unreliable” class (with more than a 0.2
difference) and that both classes are marked with an “asterisks”. Therefore, we
can say that these two classes have statistically different means.

More than comparing the interaction levels of classes within the same time
bucket, it is also interesting to capture the changes in the interaction level of one
class between the time intervals. To cover this aspect, we annotated the cells of
the figure with an arrow for any class in a bucket for which the difference be-
tween its mean in this bucket and its mean in the previous bucket is statistically
significant at the 95% confidence level (i.e., the p-value of the paired t-test is
smaller than 0.05). Here, the direction of the arrow indicates whether this varia-
tion is increasing (▲) or decreasing (▲). As an example, we note that the “most
reliable” class receives these temporal significance indicators between the first
two buckets. This class (which was outperforming the other classes in terms of
receiving user interactions in the first bucket) hence performs more similar to the
other classes in the second bucket. For this group, the decrease pattern between
the second and the third bucket is also significant, although the change is not as
high. This is mainly due to this class having many samples (23,416 posts) and
therefore more easily passing the t-test. The decreasing pattern of this class also
continues in the last bucket, but with a sharper slope.

We make several other observations from Fig. 3. As an example, there is a
positive correlation between the reliability level of news and the level of interac-
tion they receive in the first bucket. Here, more reliable posts receive interactions
at a higher rate during the first hour after posting. In contrast, for the bias pa-
rameter, the two extremely biased classes (i.e., “far right” and “far left”) receive
less interaction rate than the unbiased (balanced) class in this bucket. In the
final bucket, the pattern is reversed, suggesting that unbiased postings are more
successful in the early stages of their lifespan compared to strongly biased posts.
Notably, even in the fourth bucket, unbiased postings receive higher interaction
volume because their total interaction (the denominator of the TICR values) is
significantly more than those of the other two extremely biased classes (37M vs.
7M and 3M interactions). This is one of the reasons why we chose to provide
the temporal dynamics of the TICR values as opposed to the actual interaction
values, as the TICR values capture these dynamics more precisely.

Another important observation we want to highlight is that for some classes,
identifying the class that a sample trend belongs to is easier to profile when we
look at the bias-reliability class not the reliability or bias class independently.
As an example, consider the “most unreliable - left” class which receives statis-
tical significance, and “asterisk” in the third bucket. Both of the means of the
bias and reliability classes it belongs to is statistically different than this class.
This observation suggests that the interaction level is best captured when bias
and reliability are evaluated jointly. Another observation worth mentioning is
regarding the temporal changes of the most unreliable news. This class has an
increasing pattern in terms of the rate of change they experience (for all buck-
ets, it is statistically significant). We have seen the exact opposite trend when it
comes to the “most reliable” news sources.
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Key observations: The “most reliable” posts and the “most unreliable”
posts experience opposite trends in the interaction changes over time. In
the first hour following the publication of the post, there is a positive
correlation between the reliability of the post and the level of interaction
it receives.

3.2 Temporal Dynamics of Different Interactions

We now turn our attention to each individual interaction type, including shares,
likes, and comments. In order to capture how much of the total interactions is
covered by each of the interactions in each time bucket, we use the same denom-
inator as total interactions for each of these interaction types. As an example, if
a post receives a maximum of 600 total interactions during our timeline of study
and receives 90 likes during the first time bucket, we say that the TICR of likes
for this period is 15%.

Shares: With sharing having perhaps the most direct effect on what news
people may be exposed to, we start our analysis with shares. The TICR scores
for the number of shares (of posts linking articles) are shown in Fig. 4. First,
note that the average TICR value for all posts (the top-right cell in each table)
has decreased from 25% to approximately 4% in each bucket (due to normalizing
over the total interactions). Comparing the top-right cells in Figs. 4-6, we note
that the fraction of shares is almost the same as the number of comments but
smaller than the number of likes.

Second, while it should not be expected that the top-right cell of all buckets
to have equal values when considering individual interaction classes, we note
that they are almost the same (in the range of 4-4.5%). Since we picked the
bucket thresholds to have roughly the same number of total interactions over all
posts to each bucket (but not necessarily the same volume for each interaction
type), this suggests that shares as an aggregate (over all classes of news articles)
represents a relatively stable fraction of the total number of interactions.

Third, across all buckets, the “most unreliable” class is the clear winner.
When compared to the other classes of reliability (first row) and even all classes
of bias (last column), they receive a greater proportion of the shares during all
buckets. Although this pattern could not occur for the “total interactions”, it is
feasible here since TICR values here are normalized over the total interactions.
Referring back to the “total interactions”, for which this class saw the lowest ratio
of interactions in the first two buckets(when compared with the other reliability
classes), we, therefore, expect the number of likes (Fig. 5) and comments (Fig. 6)
to be comparatively less (than for the other reliability classes) for these two time
buckets. This shows that the “most unreliable” news often is relatively more
shared early, despite not seeing as many likes and comments, but that this evens
out over time.

Fourth, some classes consistently (throughout the four time buckets) see a
larger relative sharing fraction than the other classes. For example, the two
extreme bias classes (“far right” and “far left”) perform better than the remaining
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Fig. 4: Temporal dynamics of the total interactions covered for shares (⋆: coeffi-
cient of variation of the mean is smaller than 4%, ▲ and ▲: has deviation from
the previous time bucket with p-value <0.05).
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Fig. 5: Temporal dynamics of the total interactions covered for likes (⋆: coefficient
of variation of the mean is smaller than 4%, ▲ and ▲: has deviation from the
previous time bucket with p-value <0.05).
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Fig. 6: Temporal dynamics of the total interactions covered for comments (⋆:
coefficient of variation of the mean is smaller than 4%, ▲ and ▲: has deviation
from the previous time bucket with p-value <0.05).
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bias classes in all buckets. Moreover, for both of these extreme bias classes as
well as for the “most unreliable” group, the trend of shares rate is increasing
as time goes on. As a result of this trend, the last bucket exhibits a negative
correlation between the total number of interactions covered for shares and the
reliability of news, with the “most unreliable” news seeing relatively more late
sharing.

Fifth, we observe several classes with relatively different temporal dynamics
than the bias and reliability classes they belong to. As an example, we can clearly
observe that for the third bucket, the “unreliable-right” class has a markedly
different pattern than both the corresponding bias and reliability classes that it
belongs to. This suggests that it is important to consider both these parameters
in combination when predicting the sharing of the news in a bucket.

Key observations: Among all the reliability classes, the “most unreli-
able” posts experience the greatest gains in terms of share rates. During
the late stages of the posts’ lifetime (17 hours after publishing), there is a
negative correlation between reliability levels and share rates. The most
reliable postings receive the least normalized number of shares.

Likes: A more passive way to (indirectly) impact how visible posts on Face-
book is to like various posts. One reason for this is that posts with many likes are
more likely to occur higher up in the timelines of friends. A like also represents a
user’s (in most cases positive) interaction with the news. Fig. 5 shows the tempo-
ral dynamics of the total interactions covered for the number of likes. First, again
it is evident that considering bias and reliability simultaneously will yield more
reliable results. As an example, in the second bucket, the “unreliable-balanced”
class deviates from the bias and reliability classes it belongs to.

Second, in the first bucket, a positive correlation is observed between the re-
liability level and the rate of likes in the early stages of the posts’ lifetime (initial
hour). In other words, during the initial time period, people more frequently like
reliable news. This is in contrast to the share rates (Fig. 4), which happens more
for unreliable posts during the very first stages of the posts’ lifetime.

These observations may suggest that the sharing patterns and like patterns
are substantially different and depend on the reliability and bias of the news.
Yet, some similarities between their patterns can also be observed. For example,
if we consider “all” posts, both metrics observe an increase in the third bucket.

Key observations: During the first hour following the publication of a
post, there is a positive correlation between the post’s reliability and the
number of likes it receives. Throughout this period the “most reliable”
posts experience the most like rates.

Comments: Similar to likes, comments provide an indirect way of exposing
friends to various posts. However, in contrast to likes, a single user can give
several comments on the same posts. Here, we treat all comments the same but
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note that the somewhat larger fraction of comments in part may come from users
making several comments on the same post.

Fig. 6 displays the temporal dynamics of TICR values for the number of
comments. There are multiple observations to be made from this figure. First, the
“most reliable” group, which was not successful in terms of shares, performs the
best in the first three buckets of comment results. As a result, for a typical post
in this category, we expect to see a higher normalized rate of comments during
the first 17 hours after publishing it. Second, we observe (from the last columns)
that the two extreme bias classes perform poorly, except in the final bucket of
the “far-right” class. This is the opposite of the pattern we have observed for
the shares of these classes. Third, we again observe deviations for several of the
bias-reliability classes from the bias or reliability classes that they belong to. An
example of this is the “unreliable- right” class in the last bucket.

Other interaction types: While Facebook also allows other interaction
types, these typically see smaller interaction volumes and, therefore may have a
less clear impact on the dissemination patterns of news. We include results for
some of the other used interactions in Appendix A.2.

3.3 Outlet-specific Results

In addition to examining the temporal patterns of interactions across different
types of news, we have also studied how bias and reliability of the news published
by specific media outlets impacted people’s interactions with the posts sharing
that news over time.

For this analysis, we selected six outlets with the goal to achieve a fair com-
parison of popular outlets with different political biases. First, we selected the
top-10 outlets with the most articles in our dataset to ensure that each selected
outlet had sufficient samples for statistical significance. Second, we omitted ya-
hoo.com which is among the top-10 outlets as it is more known as a news aggre-
gator (rather than a news source). Third, from the remaining outlets, we selected
to provide the analysis results for (1) two right-biased outlets (Fox News and
New York Post), (2) two left-biased outlets (The New York Times and CNN),
and two outlets that could represent (mostly) unbiased news sources (NPR and
Reuters). For the classification of the outlets, we used Ad Fontes Media outlet-
based ratings.9 Table 4 lists these sources and high-level statistics extracted from
our dataset, including their bias class (from Ad Fontes ratings), the number of
articles in our data, the number of posts sharing these articles, the number of
interactions related to these posts, the number of posts per article, the number
of interactions per post, and their popularity in terms of their monthly visits.

We next present temporal analysis results for the total interactions of arti-
cles published by The New York Times (left-biased), Fox News (right-biased),
and NPR (unbiased). Results for the other three outlets are found in Appendix
A.3. Furthermore, using the code we publish, interested researchers can conduct

9 Ad Fontes Media provides evaluations of both publishers and individual articles.
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Table 4: Statistics of the outlets (†: M stands for million, ‡: Website monthly
visits reported by similarweb.com (Oct. 2022)).
Outlet N.Y.Times Fox News CNN N.Y.Post NPR Reuters
Bias Class Left Right Left Right Unbiased Unbiased
Articles No 300 209 206 135 176 125
Posts No 6354 2797 2501 3085 2582 777
Interaction No 4.74 M† 6.18 M 3.45 M 1.68 M 3.88 M 0.48 M
Post per Article 21 13 12 23 15 6
Interaction per Post 746 2209 1378 543 1499 615
Monthly Visits‡ 618.60 M 280.30 M 569.10 M 144.20 M 115.50 M 89.30 M

similar analyses for the remaining media outlets we studied, although not all of
the results will be statistically significant.

The New York Times: Fig. 7 shows the results for The New York Times. We
note that the white boxes represent categories of news for which we did not have
data. As perhaps expected, for The New York Times, we did not have data for
any of the right-biased categories (irrespective of reliability).

First, note that we are reporting the TICR statistics for the total interactions.
As discussed previously, given the selection of bucket thresholds, we anticipate
around 25% of TICR of the total interactions for all buckets when considering the
overall population (reported in the top-right cell of each bucket). However, when
considering individual publishers, this is not necessarily the case. For example, as
seen in Fig. 7, the user engagement with posts linking news articles by The New
York Times that are older than 17 hours is lower than average. Instead, posts
linking their news appear most successful during the third bucket (5-17 hours
after posts first appear). Second, a definite association between interactions with
The New York Times news related posts receive and their reliability can also be
seen when we focus on the early stages of postings (first two buckets) and late
stages (17 hours onward) and exclude the most unreliable news (which has only
six articles in our dataset). Here, the first stages’ correlation is positive, whereas
for the late stage this correlation is highly negative. While aiming to receive
early engagements, it is clear that the reliability of the news plays a significant
factor in the actual interaction levels achieved.

When considering bias, it is clear that less biased news receives higher inter-
actions in the early time slots (although The New York Times belongs to the left
party). Again, the trend of deviation of a class from the reliability and bias class
that it belongs to can be seen in different buckets. As an example during hours 1
to 5 (after publishing a post), a typical post belonging to the “most reliable-left”
class does not follow the pattern of the “most reliable” nor the “left group”.

Fox News: Fig. 8 shows the temporal results for Fox News. For the first and
the last bucket, similar to The New York Times, we see a correlation between
reliability engagement, when again discarding the non-significant results of the
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Fig. 7: Temporal dynamics of total interactions for The New York Times (white
boxes: no data available, ⋆: coefficient of variation of the mean is smaller than
4%, ▲ and ▲: has a deviation from the previous time bucket with p-value <0.05).
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Fig. 8: Temporal dynamics of the total interactions covered for Fox News (white
boxes: no data available, ⋆: coefficient of variation of the mean is smaller than
4%, ▲ and ▲: has a deviation from the previous time bucket with p-value <0.05).
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Fig. 9: Temporal dynamics of the total interactions covered for NPR (white
boxes: no data available, ⋆: coefficient of variation of the mean is smaller than
4%, ▲ and ▲: has a deviation from the previous time bucket with p-value <0.05).
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“most unreliable” class. After around five hours, the “most reliable” class loses
its first-place ranking to the “unreliable” group. The large increase in unreliable
news after 5 hours is statistically supported. Again, we can see a big, normalized
decline in the most reliable news 17 hours after posting. Similarly to what we
have observed for The New York Times, we may observe that in the earliest
phases of a post’s lifetime, balanced news is more engaging than biased ones,
although Fox News itself is a right-biased biased news outlet. Here, statistical
evidence supports the divergence we see for the bias class from the average
population, until 5 hours after posting.

Key observation: In spite of Fox News and the New York Times be-
ing biased publishers, for both, related unbiased posts receive a higher
interaction rate than biased ones in the first hour following posting.

NPR: Finally, we used NPR as an example of an outlet with very limited bias.
As seen in Fig. 9, again balanced news receives higher interaction rates than the
unbiased ones in the very first bucket, and the trend changes in the last bucket.
The biased news published by this outlet tends to receive the most interaction
during the late stages of the posts’ lifetime. Moreover, the statistically significant
decreasing pattern of the interaction rate with the “most reliable” news is worth
noting.

4 Prediction of the Maximum Interaction’s Volume

Another interesting aspect when comparing bias-reliability classes is the extent
to which a post’s maximum interaction value (denominator of TICR) is pre-
dictable from the post’s interaction at each moment. To quantify the proportion
of the variation in the denominator of TICR that can be explained by the current
interaction a post has received, we next present a correlation-based analysis.

First, we divide the time axis into exponentially increasing time buckets.
For the first bucket, we use a size of 15 minutes, and then we use a factor of
1.2 to increase the bucket sizes. Then, in each bucket and for each group, we
compute the coefficient of determination (r2) as the squared value of the Pearson
correlation coefficient between the current interaction values of the posts of the
class and the total interaction they receive in the future. Finally, we recorded the
moments in which the (r2) reached .6 and .8, respectively. Table 5 summarize
the results. While more advanced prediction models might be used in practice,
not limiting the discussion to a particular predictive model provides quantifiable
insights into the extent to which we can rely on predictive models to estimate
the total number of interactions from the current value of the interaction a post
received (even with simple models). We next share some of our key observations.

First, note that in most classes a Pearson correlation coefficient of 0.8 (r2
of 0.6) is achieved within one hour of posting, suggesting that the total number
of interactions is relatively well predicted very early. Second, if all posts are



5. RELATED WORK 21

Table 5: Minimum time required for reaching high correlations between the cur-
rent and ultimate interactions (m: minutes, h: hours, and d: days).

Reliability
Most unreliable Unreliable Reliable Most reliable All
r2>.6 r2>.8 r2>.6 r2>.8 r2>.6 r2>.8 r2>.6 r2>.8 r2>.6 r2>.8

B
ia

s

Far left 15m 21m 25m 1h,
51m

15m 15m 31m 31m 15m 31m

Left 15m 15m 25m 2h,
13m

31m 2h,
13m

15m 37m 31m 1h,
17m

Balanced 9h,
35m

1d,
10h

15m 13h,
48m

6h,
39m

16h,
33m

21m 1h,
51m

1h,
17m

11h,
30m

Right 15m 15m 21m 1h,
51m

25m 2h,
40m

18m 18m 21m 2h,
13m

Far right 15m 15m 15m 15m 15m 18m 15m 37m 15m 15m
All 15m 31m 15m 53m 37m 11h,

30m
21m 1h,

4m
31m 6h,

39m

taken into consideration, this can be accomplished within 30 minutes of posting.
Third, considering all reliability classes (last row), we can see that we can achieve
this level of predictability within around 40 minutes of posting. Fourth, as we
examine all bias classes in the last column, we can see that the biased classes
are able to reach this level earlier than the unbiased classes.

Fifth, note that reaching the high value r2 level of 0.8 for the general popu-
lation (last row and last column of the table) is feasible within 7 hours after the
posting. With regard to our definition of 4-bucket thresholds, we can say that
for all the classes except for 3 we can reach the 0.6 level of r2 in the first bucket.
In the second bucket, it is also feasible to achieve an r2 level of 0.8, except for
the six classes. Finally, we note that for all classes except one, we can reach the
r2 level of 0.8 before the fourth bucket, allowing us to apply patterns observed
in this bucket more broadly.

5 Related work

This paper relates to the works modeling and understanding the behavior of
users, their interactions with various kinds of news and contents, and the factors
that play roles in this context. For example, Aldous et al. [1] focus on the topic
and emotional factors and analyze their effects on posting on five social media
platforms (Facebook, Instagram, Twitter, YouTube, and Reddit) to demonstrate
that user engagement is strongly influenced by the content’s topic, with certain
topics being more engaging on a particular platform. Their work shows that the
engagement level is impacted differently on various platforms and by different
topics. They also demonstrate that post emotion is indeed a significant factor.
Karami et al. [10] demonstrate how social engagement may be used as a distin-
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guishing characteristic between false and true news spreaders. However, they do
not consider the temporal patterns of different user interactions in their study.

The most comparable work to ours is the recent work by Edelson et al. [4].
Their large-scale study explores how consumers engage with news inside the
Facebook news ecosystem, as well as with specific pieces of news from unre-
liable suppliers and also between the suppliers and their audiences. However,
their methodology is distinct from ours in that they base their study on pub-
lisher ratings rather than independent bits of news, they use binary classes for
reliability, and they do not account for the temporal dynamics of the user inter-
actions. Galen et al. [21] carried out a similar investigation as Edelson et al. on
Reddit rather than Facebook. They also employ publisher-based rankings and
demonstrate that low-factual content receives 20% fewer upvotes and 30% fewer
cross-posting exposures than neutral or more factual information.

In another line of research, Allcott et al. [2] examine how users engage with
fake news information and websites. Their findings indicate that through the
end of 2016, user interactions with fraudulent information increased consistently
on both Facebook and Twitter. Since then, engagements on Facebook have de-
creased significantly while continuing to increase on Twitter. Another group of
studies related to our work are the ones which examine the temporal dynam-
ics of user interactions but in different contexts. For example, Vassio et al. [19]
examine how influencer-generated material draws interactions over time. Their
findings indicate that while the growth rate of interactions naturally decays with
time, the decay rate differs substantially between posts and social media plat-
forms. As another related work and with a different methodology from the above
works, in [12] the authors use NLP techniques to analyze over 2,5 million social
media comments. The results show that Social media misinformation is largely
disregarded by users.

6 Limitations

Our study has four main limitations that the researchers should consider when
generalizing the findings. First, we dropped the posts with less than 10 total
interactions from our study. While these types of postings constitute a significant
portion of the total number of posts on Facebook, they make up a very small
fraction of the total interactions (less than 5% in our dataset) and typically are
of little interest to both Facebook content moderators (wanting to ban large
interactions with misinformation) and also content publishers.

Second, similar to some other works (e.g, [4]), we limited the study to news
postings and interactions on Facebook public forums (the most popular social
media platform [17]). Therefore, interactions with news articles on other social
media platforms and on the publisher’s website were not considered. We consider
a combined analysis that also takes into account these aspects as an interesting
future work. It should also be noted that our study is based on the CrowdTangle
dataset and does not consider every public page on Facebook. Yet, CrowdTangle
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covers many pages from the whole public pages distribution. As as example, they
index more than 99% of the pages with more than 25K followers [5].

Third, despite the t-test results indicating that the results are significant for
several classes, the significance of the results may differ between different classes.
To help interpret the significance of individual results the interested reader can
consider also the number of articles in our dataset for each specific class. To
help the interested reader to reproduce the results and more easily consider such
additional dimensions, we will share our code. Here it should also be noted that
we utilized the TICR distributions of the posts, not the aggregated results across
the articles. One reason for this is that the number of posts for the flagged classes
was sufficient for the findings to frequently have p-values less than 0.05.

Finally, The study focuses on the impact of bias and reliability on user en-
gagement but does not account for other potential factors such as the relevance,
timeliness, or credibility of the news source, as well as the user’s individual pref-
erences and views. Further research can consider these factors and their impact
on user engagement, as well as investigate the effects of alternative labeling
methods or different time frames compared to those used in the current study.

7 Ethical Considerations

All data was collected via public APIs while adhering to the rate limits of the
companies hosting the data. The study is done at the aggregate level and no
specific individuals are revealed. The likelihood of a substantial portion of the
analyzed posts having been removed from Facebook is low due to the 28-day
temporal separation between the publication date of the article and the date of
data collection.

8 Conclusions

This paper presented a large-scale investigation of the temporal dynamics of var-
ious user interactions with Facebook posts belonging to different classes of bias
and reliability. Using a carefully designed methodology, our investigation has an-
swered and provided statistically supported insights into the research questions
outlined in the introduction. For example, we demonstrated that user engage-
ment with news for various classes of bias and reliability varies over time and
highlighted these differences (RQ1). We have also done a study for different in-
teraction types and observed that various interactions for the same class have
different temporal interaction patterns (RQ3). Various statistically significant
patterns were identified in the answers to the above questions which examine
the four dimensions of this study: bias, reliability, time, and interaction type.

First, the results illustrate the importance of incorporating time into future
research. As an example, we saw that the “most reliable” posts and the “most
unreliable” posts exhibit opposite trends in terms of total interaction dynam-
ics. The results also show that the temporal patterns of user interaction varied
among the various user interactions, highlighting that users tend to interact
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differently with news of different levels of bias and reliability. A key benefit of
this identification is that it allows users to profile temporal engagement pat-
terns with varying types of news, including Facebook content moderators, by
identifying different temporal patterns for different classes of interactions (e.g.,
shares, likes) to different posts. Moreover, this study highlights the importance
of incorporating bias and reliability concurrently in future studies by showing
that bias-reliability classes have statistically significant differences from bias and
reliability classes with which they are associated.

As all of the temporal patterns addressed in our research are dependent on
the total interactions covered metric, which requires direct access to the value
of the total interactions a post receives, we have quantified the predictability of
total interactions from intermediate interaction values. Except for a few specific
classes, there are strong correlations between the current and total engagement
that a post receives within a few hours after its posting. Additionally, we have
quantified this effect for various classes (RQ2).

To conclude, as the first study to address all four dimensions of bias, relia-
bility, time, and interaction type in a single investigation, this work quantified
the effect of these factors on the interaction level dynamics a post receives.
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A Appendix

A.1 Procedure of Computing the Canonical Form of an Article Url

The following procedure is taken to transform URLs to canonical form. We be-
gin by converting all text to lowercase. We then delete the protocol schema
(e.g. ’http://’) and remove any prefix instances of the strings ’www.’ that may
be present. Next, we remove any # signs from the URL except for the do-
mains that it could not be removed from the canonical form (e.g., some of
edsource or npr domains URLs). Then, we remove all URL query parame-
ters except for the domains for which this was part of their canonical form
(e.g., for some of abcnews.go.com domain URLs). As an example, the canoni-
cal form of the URL “https://www.nytimes.com/2020/10/24/technology/epoch-
times-influence-falun-gong.html?referringSource=articleShare” that we used to
collect posts was “nytimes.com/2020/10/24/technology/epoch-times-influence-
falun-gong.html”.

A.2 Temporal Dynamics of the other Forms of Interactions

In section 3.2 we studied the temporal dynamics of “likes”, “shares”, and “com-
ments” as the most common interactions users make with Facebook posts. With
the same conventions discussed in section 3.2, we here present the results for 2
other common interactions which are “angry", and “haha" in Figs. 10-11. Re-
searchers interested in extracting the statistical analysis results for other types
of interactions may use our code. Several observations can be drawn from these
results. First, among all the time buckets for the “angry” results, biased posts
outperform balanced posts when we simply consider the aggregated bias classes
(the right-most column). In other words, biased posts make users angrier than
unbiased posts. Second, the general trend for “angry” interactions for the whole
population (the top right cell) is that it increases during middle buckets and then
decreases after around 17 hours after posting. In other words, angry interactions
with posts are more likely to happen during the second and third time buckets.
Third, when we consider the left group, the most reliable class gets the most
“angry” interactions. A fourth observation is that, when focusing on the “haha”
interaction dynamics, there is a general tendency toward decreasing interaction
rates for the whole population (right topmost cell). In other words, compared to
the other buckets, a greater number of “haha”s is received during the first hour
following posting. It should be noted that most of the classes that received ar-
rows and therefore have significant trend changes follow this decreasing pattern.
Finally, when we consider just the aggregated bias classes (the right columns),
it is apparent that the “right” class received higher rates of “haha”s during all
buckets and compared to the other bias classes which have significant means.
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Fig. 10: Temporal dynamics of the total interactions covered for angry counts (⋆:
coefficient of variation of the mean is smaller than 4%, ▲ and ▲: has deviation
from the previous time bucket with p-value <0.05).

A.3 Temporal Dynamics of CNN and The New York Post and
Reuters

The temporal dynamic results for CNN (as our second left-based example) and
New York Post (as our second right-based outlet) and Reuters (as the second
least biased publisher) are presented in Figs. 12-14. In contrast to the other
biased example outlets, we observed both right-biased and left-biased articles
published by New York Post.

Time

Most
 un

rel
iab

le

Unre
liab

le

Re
liab

le

Most
 re

liab
le All

Far left

Left

Balanced

Right

Far right

All

Most
 un

rel
iab

le

Unre
liab

le

Re
liab

le

Most
 re

liab
le All

1 
ho

ur
 a

nd
 1

7 
m

in
ut

es

Most
 un

rel
iab

le

Unre
liab

le

Re
liab

le

Most
 re

liab
le All

5 
ho

ur
s a

nd
 1

6 
m

in
ut

es

Most
 un

rel
iab

le

Unre
liab

le

Re
liab

le

Most
 re

liab
le All

17
 h

ou
rs

 a
nd

 2
8 

m
in

ut
es

1.0

1.5

2.0

2.5

3.0

3.5
4.0

Fig. 11: Temporal dynamics of the total interactions covered for haha counts (⋆:
coefficient of variation of the mean is smaller than 4%, ▲ and ▲: has deviation
from the previous time bucket with p-value <0.05).
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Fig. 12: Temporal dynamics of the total interactions covered for CNN (⋆: coeffi-
cient of variation of the mean is smaller than 4%, ▲ and ▲: has deviation from
the previous time bucket with p-value <0.05).
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Fig. 13: Temporal dynamics of the total interactions covered for The New York
Post (⋆: coefficient of variation of the mean is smaller than 4%, ▲ and ▲: has
deviation from the previous time bucket with p-value <0.05).
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Fig. 14: Temporal dynamics of the total interactions covered for Reuters (⋆:
coefficient of variation of the mean is smaller than 4%, ▲ and ▲: has deviation
from the previous time bucket with p-value <0.05).


