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Abstract

Despite growing concerns about the effect of social media en-
gagement on people’s beliefs and behavior, estimating the ac-
tual impact is difficult. Here we present preliminary results
from our own isolated social media platform named Magpie
Social. In it, participants could interact with each other like
typical social media, but we had control over the platform and
measured people’s beliefs and behavior before and after us-
ing it. This allowed us to more closely approximate the eco-
logical validity of naturally occurring social-media data, while
retaining the ability to measure variables and infer causation.
Our week-long task had three between-subject conditions (to-
tal N = 311): a CONTROL in which people engaged on Mag-
pie with no external influence, and two (LEFT and RIGHT) in
which a small number of posts were secretly made by us, shar-
ing typical talking points from one political side. We found
small but statistically reliable effects suggesting that, relative
to the CONTROL, the presence of right-wing trolls resulted in a
higher level of right-wing belief and a greater perception of po-
litical division in the US. Conversely, the left-wing troll cam-
paign did not appear to have any statistically reliable effect on
these measures. We also found considerably more overall en-
gagement in both troll conditions, probably because content
with a clear political stance tended to receive more activity.
However, participants (especially those on the left) disliked the
RIGHT condition more than the others. Keywords: social me-
dia, belief, consensus, influence, information

Introduction
Malign influence campaigns are deliberate attempts to create
controversial or provocative social media content, often us-
ing multiple fake accounts controlled by a single user or or-
ganization. These “troll” campaigns have many goals, from
shifting people’s opinions in a particular direction, creating
the perception that a specific viewpoint is more broadly sup-
ported than it actually is, increasing polarization and discord,
or generating engagement. Because of their potential real-
world impacts, these campaigns are of increasing concern
to people from policymakers to scientists to public agencies
(Meta, 2024; Microsoft Threat Analysis Center, 2024; US
Department of Defense, 2023). Despite this, understanding
the nature and extent of the impact on people’s beliefs and
attitudes is a challenging and still largely unsolved problem.

The fundamental difficulty is that it is extremely challeng-
ing to access the data necessary to measure real-world impact.
On the one hand, we can analyze social media data directly;
this enables us to do things like trace information flow or to
estimate how troll accounts grow, receive engagement, and
interact with other users (e.g., Bailo et al., 2024; Cork et al.,
2020; Vosoughi et al., 2018). Such approaches are valuable
because they leverage large quantities of real-world data, en-
abling a rich and nuanced characterization of troll campaigns
in their natural environment. However, because the data is ob-
servational, the conclusions it licenses are limited. It is very

difficult to measure the impact of troll campaigns (or social
media engagement in general) on beliefs and attitudes – much
less draw inferences about how they might influence people’s
subsequent actions or whether different people are influenced
in different ways.

On the other hand, we can study how social media affects
behavior by using controlled experiments to understand the
factors that underlie online influence (e.g., Butler et al., 2024;
Jagayat & Choma, 2024; Pennycook & Rand, 2019; Penny-
cook et al., 2020). These experiments are valuable for iso-
lating and understanding causal relationships and contribut-
ing to our understanding of how (and why, and under what
circumstances) information presented on social media might
affect people’s beliefs and behavior. For example, lab-based
studies have shown that inflating the extent to which a social
media post appears to be supported by a consensus often leads
to changes in belief in line with that consensus (Alister et al.,
2022; Lewandowsky et al., 2013; Simmonds et al., 2024).

However – valuable though it is to strengthen psycholog-
ical theory – controlled experiments have the drawback that
they simplify or remove many of the features of real social
media environments. It is one thing to observe an effect in
a study where the relevant factors are systematically varied,
do not occur alongside dozens of competing and uncontrolled
factors, and the effect measures occur immediately after the
manipulation. It is another to do so in a situation more like
the real world – a world where people differ dramatically in
how they engage with social media, where targeted informa-
tion is spread thinly and intermixed with everything else, and
where effects must persevere much longer than the duration
of a typical study in order to have an impact on behavior.

In this paper we present preliminary results from a
paradigm designed to retain some of the real-world appli-
cability of observational studies while still directly measur-
ing beliefs and impact. We did this by building our own so-
cial media platform (an isolated Mastodon instance, see also
Doshi et al., 2024) that we call Magpie Social (or “Mag-

pie” for short). We invited participants to anonymously en-
gage with each other on Magpie for multiple days, as similar
to “real” social media as possible. Moreover, we measured
many aspects of their beliefs, identity, and attitudes both be-
fore and after their interactions on Magpie. This yields a trea-
sure trove of data allowing us to not only measure belief and
attitude change, but also explore how it is related to people’s
experiences and behavior on the platform (and vice-versa).

Because we controlled the platform, we were also able to
systematically manipulate key factors between different runs
of the experiment: in this case, the presence (and nature) of
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Figure 1: Demographics. Participants across conditions were sim-
ilar in political alignment (based on self-ID on a 7-point scale, and
balanced at the midpoint), age, gender, race, religion, and education.

external influence campaigns. In a CONTROL condition, peo-
ple discussed topics with each other with no interference from
us. In two troll conditions, one LEFT and one RIGHT, a hand-
ful of the accounts were secretly controlled by us and used to
inject content from one side of the political spectrum. By
comparing conditions we can explore how troll campaigns
affect people’s beliefs about the topics under discussion, atti-
tudes toward each other, and engagement with the platform.

Given the large-scale nature of this study, we obtained
more data (and have more measures) than is possible to fully
analyze in the limited space available. We therefore report on
a subset of the data. Our focus here is on whether interacting
on Magpie (and/or the troll campaigns) had an effect on over-
all belief change or perceptions of consensus, as well as how
(or if) these were related to people’s engagement.1

Method
Participants Following a short pre-screening designed to
ensure demographically similar and politically balanced
pools of participants, 480 people (160 per condition), all from
the US, were recruited from Prolific Academic to participate
in the week-long study. Of those, 353 responded to the ini-
tial invitation. All analyses include the 311 people who com-
pleted all parts of the study (93 in the CONTROL, 116 in the
RIGHT, and 102 in the LEFT conditions). People were paid
$12USD/hr plus a bonus if they completed every component
(up to $38.25 each for the entire study). As Figure 1 shows,
the demographic characteristics of the final sample did not
differ between conditions.

1There is a pre-registration, but it contains many analyses and
questions not reported here for space reasons and was exploratory in
the sense of not having strong hypotheses. Thus, our results should
be interpreted with that in mind. tinyurl.com/4nvnuj8t.

Day Component Description
Mon Before 30-min survey of beliefs,

attitudes, and demographics
Tues-Thu Magpie Interaction on the social media

platform, 30 min/day minimum
Fri After 45-min survey of beliefs,

attitudes, perceptions of Magpie

Table 1: Experimental procedure. Each condition followed the
same weekly pattern. People were paid for each component they
completed and were sent daily reminders about what to do.

Procedure Each condition was run in a separate week be-
tween August 5 and September 7, 2024.2 The procedure and
instructions were identical across conditions (Table 1), and
consisted of three days of interaction on our social media plat-
form bookended by a surveys Before and After.3.

Magpie Social Our social media platform, Magpie Social,
is a bespoke Mastodon instance that operates much like X or
Bluesky. Each person was assigned to an account of their
own and given a random positive adjective+animal username
(e.g., HappyKangaroo) and corresponding avatar, which they
could not change. Participants could see all other people’s
posts in reverse chronological order and had access to the
same functionality as in most social media: making posts
of their own (including embedding external links, photos, or
videos); replying to, reblogging, or favoriting other posts;
visit other profiles; and unfollowing, blocking, or muting oth-
ers. Since our server was isolated, they could not interact with
any Mastodon users other than fellow participants that week.

On their first day with Magpie, participants were given de-
tailed instructions about how to use the platform, the Code of
Conduct, the timeline, and the procedure. People were asked
to talk primarily about four topics: transgender rights, climate
change, AI, and Israel/Palestine. They were told they would
be paid if they actively engaged for at least 30 minutes per
day (not necessarily all at once) and made at least one post or
reply; they were not paid extra for going over 30 minutes but
were allowed to do so, and many did.

The instructions, which were identical in all conditions,
emphasized that we were “really interested in how people
use the platform and what people do naturally” and that “it’s
fine if discussion meanders somewhat (that’s what happens
in conversations after all) as long as you mainly try to dis-
cuss the list [of four topics] above.” In addition, we noted in
all conditions that “like real social media, most of the peo-
ple you will talk to will be genuine, but there’s some chance
that a person might have a hidden agenda, is lying, or isn’t
entirely acting in good faith - you should presume that it’s
pretty similar to real life in that respect.”

2Fortuitously, no major political events occurred during this time.
3Ethics approval was granted by Anonymous University (Ap-

proval #2393v1). The Supplementary Materials contains details
about the LLM classification, instructions, stimuli, and measures:
https://tinyurl.com/4nvnuj8t
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Figure 2: Beliefs and belief change. Top: Initial beliefs by topic
and overall (red violins). There was substantial individual variation
but all conditions were slightly left-leaning in general (means and
standard errors = block dots and bars), with no initial differences
between conditions. Bottom: change in beliefs from Before to After
(positive = right shift). Beliefs changed in some topics more than
others, but overall beliefs only changed significantly (slightly to the
right) in the RIGHT condition.

Conditions The CONTROL condition proceeded without
any direct involvement from us, but in the RIGHT and LEFT
conditions we secretly controlled six accounts that looked no
different than the other users (same naming scheme, avatars,
etc). Over the course of each experiment, these accounts con-
tributed 100 posts total (25 per topic). They were inauthentic
in the sense that they were pre-written to mimic standard talk-
ing points from the LEFT or RIGHT side of the political aisle
and the content was not generated as a part of organic con-
versations. For ethical reasons, unlike real trolls, they did not
insult people; like many real trolls, they did not favorite other
posts or respond when people engaged with them.
Belief measures Both the Before and After surveys con-
tained the same 48 items (presented in random order) de-
signed to measure specific beliefs. There were 6 items for
each of the four main topics, and 4 each for a variety of oth-
ers (health care, economy, race, guns, etc). Each item was
formulated as a statement to which participants had to in-
dicate their degree of agreement on a scale of 0 (no agree-
ment at all) to 100 (full agreement). Within each topic, half
the items were phrased so that agreement was consistent with
left-leaning views, and the other half right-learning.4 For the
analysis, the left items were transformed so that scores closer
to zero always indicated more left views. By comparing each
person’s scores from Before to After, we obtain a measure of
belief change over the course of the study.
Perception measures We additionally asked several ques-
tions (both Before and After) intended to gauge people’s per-
ceptions of the state of discourse. Perceived Consensus was

4Items had previously been validated in a pilot experiment to
ensure that the left/right encoding was accurate.

Predictor Estimate SE t p
Intercept -0.18 0.59 -0.31 0.756
BeliefBefore 0.99 0.01 86.12 < 0.001
ConditionLeft 0.14 0.50 0.28 0.782
ConditionRight 1.32 0.49 2.70 0.007

Table 2: Linear model for beliefs after being on Magpie. Full
model: BeliefAfter ∼ BeliefBefore + Condition. Condi-
tion estimates are reported in reference to CONTROL. After control-
ling for the initial beliefs there was no significant difference in the
After beliefs between the CONTROL and LEFT condition. However,
After beliefs in the RIGHT condition were 1.32 higher (more right
wing) than the CONTROL, a difference which was small but signif-
icant. These results were replicated using the equivalent Bayesian
linear model; in it, both the BeliefBefore and ConditionRight coeffi-
cients had 95% credible intervals that did not overlap with 0.

measured by asking “To what extent do you think that most
people in the US generally agree with each other about their
overall political beliefs?” (0 = no agreement; 100 = full agree-
ment). We also estimated people’s Relative beliefs by asking
“Where would you classify your overall political beliefs, rel-
ative to most people in the US?” (0 = extremely far left; 100
= extremely far right). And finally, on the After survey we
asked “Generally speaking, how would you rate the overall
experience on Magpie Social?” (0 = I hated it; 10 = it was
fantastic).

Results
Participants in all conditions engaged extensively on Magpie.
For instance, despite being paid for only 30 minutes per day,
nearly 25% of daily contributions totaled 45 minutes or more,
and over 2000 posts were generated in each condition. Peo-
ple also liked Magpie a great deal, giving mean ratings of
their overall experience of over 7 out of 10. Indeed, multiple
people asked to be permitted to continue on Magpie after the
ending date because they were enjoying it so much.

Beliefs and belief change
This study allows us to directly examine the extent to which
people’s beliefs changed after engaging in conversations on
social media. As the top panel of Figure 2 shows, in all condi-
tions our participants’ initial beliefs were on average slightly
left-leaning, with some variation by topic.5 Our population
was also highly heterogeneous, with average beliefs ranging
over most of the 0-100 point scale.

As the bottom panel of Figure 2 indicates, people did
change their beliefs; the shifts, which are in the expected di-
rections, are small but notable given the fact that the discus-
sions were naturalistic and the belief measures separated by
many days. A linear model controlling for prior beliefs indi-
cated that the only significant shift in overall beliefs was in the
RIGHT condition, which became more right-wing (Table 2).6

5A typical feature of American politics is that people’s actual
beliefs tend to be more left-leaning than their identification (which
in our sample is in the center; see top left panel in Figure 1).

6We did not include Topic as a predictor because given the lim-
ited space available, we opted for a simpler analysis over the most
important variable (overall beliefs, based on all 48 items).
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Figure 3: Changes in perception. (a) Shifts in participant es-
timates of how much people in the US generally agree with each
other politically. Positive values indicate that people shifted toward
perceiving more consensus (i.e., less belief polarization), with the
largest change occurring in the CONTROL condition. (b) Shifts in
people’s estimates of where they stand politically relative to others
in the US (positive indicates that they felt more right-wing at the
end than they did at first). Changes were very small, but those in the
RIGHT condition felt that they were more left-wing than they did at
the beginning; this is equivalent to thinking that the population was
further right (relative to themselves) than they did before. People in
the other two conditions did not shift in the same way.
Perception of political environment
Another potential impact of social media is to affect percep-
tions about what the rest of the population believes. The fre-
quency of particular views or talking points might shape peo-
ple’s sense of how much support those views have, or how
out-of-the-mainstream their own views are.

Perceived consensus Our Consensus measure asked peo-
ple to estimate what proportion of the US they thought agreed
with each other; it can thus also be interpreted as a measure of
belief polarization. On the Before survey, ratings on this mea-
sure were relatively low (M = 36.9), consistent with percep-
tions of a divided population. As Figure 3 indicates, people
generally believed there was more consensus (i.e., less polar-
ization) after taking part in Magpie, with the shift being most
pronounced in the CONTROL condition. This suggests that,
contrary to expectation, interacting on Magpie may have de-
creased people’s estimates of belief polarization. We consider
reasons for this counterintuitive result in the Discussion.

Table 3 shows the results of a linear model that controlled
for people’s initial perceptions of consensus. It finds that the
RIGHT condition was significantly different from the CON-
TROL (Table 3), showing the least positive shift. This sug-
gests that those who saw right-wing trolls stayed closest
to their initial perceptions of the US as a polarized nation.
(Those who saw left-wing trolls also did not shift as much as
in the CONTROL, but the difference was not significant).

Relative belief estimation Another measure relevant to
people’s perceptions about others was our Relative belief
score, in which people rated where they thought their own
overall political beliefs stood relative to the rest of the popu-
lation (with 0 indicating far to the left, 50 at the center, and
100 far to the right). The mean rating on the Before survey
was 44.0, consistent with our direct belief measures indicat-
ing that our participants were slightly left-leaning overall.

As Figure 3 shows, there was only a small amount of

Predictor Estimate SE t p
Intercept 23.03 2.48 9.29 < 0.001
ConsensusBefore 0.51 0.05 10.92 < 0.001
ConditionLeft -4.30 2.25 -1.91 0.057
ConditionRight -4.61 2.21 -2.09 0.038

Table 3: Linear model: After consensus perception. Full model:
ConsensusAfter ∼ ConsensusBefore + Condition. Condi-
tion estimates are reported in reference to CONTROL. There was a
significant positive shift (Intercept) indicating that people perceived
less polarization after engaging on Magpie. After controlling for
the initial perceptions of consensus, there was a significant differ-
ence between the RIGHT and CONTROL conditions; those who saw
right-wing tweets thought there was less consensus (by 4.61 points
on the 0-100 scale) than those who saw no troll tweets at all. Those
who saw left-wing tweets also thought there was less consensus than
in the CONTROL condition, but the difference was not significant.
These results were replicated using the equivalent Bayesian linear
model; in it, both the ConsensusBefore and ConditionRight coeffi-
cients had 95% credible intervals that did not overlap with 0.

change in this measure of relative belief from Before to Af-
ter. Those in the LEFT and CONTROL had positive shifts, in-
dicating that they thought their beliefs were more right-wing
(and the population more left-wing) than they did originally.
However, neither the overall shift (intercept) or the differ-
ence between LEFT and CONTROL were significant in a lin-
ear model (Table 4). Conversely, participants in the RIGHT
condition shifted in the opposite direction, rating themselves
as more left-wing (and the population relatively more right-
wing) after being on Magpie – significantly different from the
CONTROL condition. This result suggests that in the presence
of right wing trolls, people perceived their own beliefs to be
more left-wing than they had previously thought they were.
It is consistent with the idea that viewing more right-wing
content shifted people’s sense of population norms.
Relationship to belief change How are changes in belief
related to changes in perception of the political environment?
We investigated this by calculating the correlations between
our three measures (change in belief, change in perception
of consensus, and change in relative belief rating). However,
none of the relationships were significant.

Predictor Estimate SE t p
Intercept 1.78 1.01 1.76 0.079
RelativeBeliefBefore 0.98 0.01 65.94 < 0.001
ConditionLeft -0.22 1.06 -0.21 0.837
ConditionRight -2.17 1.04 -2.09 0.038

Table 4: Linear model: After perception of relative beliefs.
Full model: RelativeBeliefAfter ∼ RelativeBeliefBefore
+ Condition. Condition estimates are reported in reference to
CONTROL. After controlling for people’s initial perception of their
beliefs relative to others in the US, there was a significant differ-
ence between the RIGHT and CONTROL conditions. People who
saw right-wing tweets adjusted their perception of their relative
beliefs leftward, indicating that they thought the population was
more right-wing than they had previously. These results were repli-
cated using the equivalent Bayesian linear model; in it, both the
RelativeBeliefBefore and ConditionRight coefficients had 95% cred-
ible intervals that did not overlap with 0.
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Figure 4: Relationship between beliefs and enjoyment of Magpie
Social. Correlation between people’s initial beliefs (average of 48
items on Before survey, x axis) and rating of how much they enjoyed
Magpie on the After survey (higher is better, y axis). Most people in
all conditions liked it, but in the RIGHT condition, more people on
the left had a negative experience.

The Magpie Social experience
Our results so far suggest that the interactions and engage-
ment on Magpie had small but significant effects on people’s
beliefs and perceptions of others, especially in the RIGHT
condition. To further understand why and how this happened,
we investigate the nature of people’s engagement with the
platform, the troll accounts, and each other.

Enjoyment One obvious question is whether people en-
joyed participating on Magpie, and if some enjoyed it more
than others. Enjoyment matters in part because in the real
world, people only stay on social media that they enjoy –
but also because understanding people’s emotions can be a
revealing clue about how they participated and what engage-
ment looked like. As Figure 4 shows, most people liked Mag-
pie, and most of the time this was true regardless of their po-
litical beliefs. However, in the RIGHT condition, there was a
significant positive correlation between initial beliefs and en-
joyment: a noticeable number of people, all on the left, did
not like their experience. This suggests that right-wing propa-
ganda (but not left-wing propaganda) made our social media
experience less pleasant for people with the opposite beliefs.

Engagement We can also ask what people talked about and
how they engaged with each other and the topics. In order to
analyze this, it was necessary to identify both the topic that a
post was discussing as well as the political stance (polarity)
that each post took.7 Identifying post topics was straight-
forward; it was coded manually by the senior author and
checked by the first author. Classifying the political stance
of the 6000+ posts was more subjective and time consuming,
so we used a LLM (GPT4).8 The LLM classifier was vali-
dated against a small subset of posts (∼15%) that were coded
by three of the authors. The LLM obtained a reliability of
71%, which was higher than the inter-rater reliability of the
human coders.9

7We refer to both original posts and replies as “posts.”
8A full description of the classifier and the validation procedure

can be found in the Supplementary Materials.
9The LLM also correctly labeled all of the troll posts, suggesting

high accuracy for posts that had an obvious political stance.

Figure 5: Breakdown of activity by condition. (a) There was
substantial engagement on Magpie in all conditions, least of all in
the CONTROL condition. (b) Posts and replies were classified as
Left if the sentiment expressed in them was consistent with left-wing
ideas, Right if right-wing, Neutral if the topic was political but there
was no direction (e.g, “What do you think about climate change?”),
and Friendly if the topic was not political. Favorites and reblogs
were given the classification of the post that was being favorited or
reblogged. In all conditions, there was somewhat more left-wing
content, and far less Friendly content in the Right condition. (c) Troll
accounts received more engagement per post than posts generated by
people (User-All); however, engagement was similar when compared
to just the political posts made by people (User-Political).

Our study allowed us to test whether our troll accounts,
which were posting political and often divisive content, led to
more overall activity. Figure 5(a) reveals that both the LEFT
and RIGHT conditions received considerably more engage-
ment compared to the CONTROL condition, with the LEFT
condition showing the most activity overall. Although there
was a similar number of original posts in the LEFT condition
as the CONTROL condition, there were more replies and fa-
vorites in the LEFT. The RIGHT condition contained more
posts, replies, and favorites than the CONTROL condition.

Figure 5(b) breaks activity in each condition down by the
political direction of each post (reblogs and favorites were
classified according to the post they attached to, so a favorite
of a left-wing post would count as left-wing). As is evident
from the figure, left-wing activity was the most common in
all conditions (which makes sense given that our sample was
left-leaning), and the amount of engagement was the most
balanced in the RIGHT condition. We also identified a cat-
egory of post that we called Friendly; these were not about
any of the conversation topics, but were social interactions
between participants (“How’s everyone’s day going?”, “Have
a good night”, etc.) As Figure 5(b) reveals, the RIGHT con-
dition had strikingly fewer friendly interactions – in absolute
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numbers, fewer than even the CONTROL condition despite the
total engagement in RIGHT being substantially higher.

Why was there more engagement in the two troll condi-
tions? Figure 5(c) shows that on average, troll posts received
43% more engagement than posts by participants (User-All,
second bar of each panel). Considering only replies – a
more active form of engagement than reblogs and favorites –
LEFT trolls received 21% more replies and RIGHT trolls 62%
more than participant posts did in their respective conditions.
This suggests RIGHT trolls generated content that received
more active engagement, perhaps because people in our left-
leaning sample were more likely to argue against them (see
Rathje et al., 2021).

It is also useful to compare the engagement received by
troll posts with the engagement received by any political post.
Figure 5(c) isolates the political posts contributed by users
(User-Political) that have a clear polarity (as opposed to neu-
tral queries like “what does everyone think about X?”). En-
gagement with these is similar to the engagement with troll
posts, suggesting that it is the stance-taking political content
that drives activity. Consistent with this, we found a strong
positive correlation between strength of political beliefs and
biased engagement: people who had stronger left-wing be-
liefs had a higher proportion of left-wing activity (posting
and favoriting more left-wing content), and vice-versa (LEFT:
r = .62, CONTROL: r = .46, RIGHT: r = .51, all ps< .001).

General Discussion
We observed small but statistically reliable effects suggest-
ing that, relative to the CONTROL condition, exposure to
RIGHT-wing trolls in our isolated social media environment
resulted in 1) beliefs that were more right-wing on average,
2) a greater perception that the US population was generally
politically divided, and 3) a greater perception that people’s
own political beliefs were more left-wing than the norm. We
did not find statistically reliable differences on any of these
measures between the CONTROL condition and LEFT.

Although our effect sizes were small compared to those ob-
served in many conventional behavioral experiments, they are
noteworthy nevertheless. Our manipulation was extremely
small; only 100 posts in each condition were inauthentic,
which is less than 5% of the over 2000 posts generated by
users. Because the algorithm was reverse chronological, there
was no guarantee that everyone even saw them. Moreover,
for ethical reasons our trolls did not engage in many kinds of
behavior found in real-life influence campaigns – amplifying
each other, coordinating messages or attacks, insulting or pro-
voking people in order to spread discord, and so forth. Also,
the troll posts were not only spread out over multiple days,
but people often responded to them with counter-arguments.

Given these limitations, the fact that there was any effect
at all has sobering implications when we consider that in the
real world, many platforms (e.g., X) probably have a higher
proportion of inauthentic activity and misinformation (Cinus
et al., 2024). They also have algorithms that push this activity

more strongly (Cinelli et al., 2021), more harmful content,
no ethical limitations against coordination or attacking, and
repeated, ongoing exposure lasting months or years instead
of a few days.

We also found that that the inclusion of trolls (both left-
wing and right-wing) substantially increased the amount of
activity on the platform. In part, this reflected the fact that
the troll accounts only posted content with a clear political
stance, which tended to receive more engagement than neu-
tral or friendly posts. However, it is worth noting that partici-
pants themselves generated more political posts in the RIGHT
condition than in the CONTROL, suggesting that there was
some spillover from trolls to users that extended beyond en-
gagement on the troll posts themselves. In follow-up analyses
we plan to explore this more thoroughly.

Another finding is that engaging on Magpie made people
more likely to think that people in the US shared consensus
views; given the prevailing view that social media experience
exacerbates polarization, this came somewhat as a surprise.
However, it is perhaps explicable when taken in combination
with the fact that most people enjoyed Magpie a great deal;
indeed, many explicitly noted that the lack of algorithm, ads,
and “mean people” meant that they felt better about polariza-
tion and politics than they did before. It is also notable that
this effect was smallest in the RIGHT condition, which also
was the least enjoyable and contained the smallest amount of
friendly exchanges. Future investigation is necessary to de-
termine what features of the platform and messaging have the
most effect on people, and how much of the effect occurs in-
directly by changing the nature of the discourse.

There are many aspects to our study that require additional
scrutiny and follow-up in order to determine both how repli-
cable and robust these findings are, as well as what factors
are most determinative. Our participants were anonymous to
each other, with no way in their profiles to indicate partisan
allegiance; we did this to remove one uncontrolled variable
but since people behave differently when anonymous (e.g.,
Nitschinsk et al., 2022), it is worth noting. Also, in order
to provide some conversational guidance and focus our belief
measures, we asked people to discuss four specific topics; this
was somewhat artificial, especially because they were topics
that the participants didn’t select themselves.

Although we took care not to incentivize people to post
or behave in a certain way, the fact that they were paid for
engagement may matter; in the real world, which people self-
select to engage on social media is no doubt a strong driver
of its dynamics. In some ways our paid sample is an ad-
vantage: our participant pool was heterogeneous and diverse
along many dimensions, and they were given enough freedom
in their behavior for us to explore how their individual differ-
ences relate to their behavior and the impact of the platform
(this, too, is the subject of ongoing investigation). Regard-
less, our work should be viewed not as “finished science” but
rather a preliminary step using a promising approach to study-
ing how people are affected by interaction on social media.
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