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Structural Synchronization in Classification of
Controversial Content

Douglas Guilbeault* and Damon Centola*

Abstract: Morally controversial content, such as offensive and hateful images over social media, is
especially challenging to categorize, given widespread disagreement in how people interpret and
evaluate this content. Numerous studies argue that a range of subjective biases, such as partisan
differences in moral reasoning, lead people not only to diverge in their classifications of controversial
content, but also to resist any attempts to change their classification judgments via social influence. Yet,
recent large-scale analyses of classification patterns over social media suggest that separate populations,
such as democrats and republicans, can reach surprising levels of agreement in the categorization of
inflammatory content like fake news and hate speech, despite considerable differences in their moral
reasoning and worldview. This poses a fundamental puzzle: how can populations of diverse individuals
who disagree in the interpretation of controversial content nevertheless arrive at highly similar
decisions for the classification and removal of such content? Here, we use an online platform to test
the hypothesis that structural symmetries in information exchange networks can synchronize
convergence on decisions regarding the classification and removal of controversial images across
independent networks, leading them to independently reproduce consistent systems of classification.
We find that isolated individuals diverge considerably in their classification of controversial content,
whereas separate, structurally similar networks independently synchronize in their classifications and
content removal decisions, reducing partisan biases across all networks. We also find that when
participant experience is compared to subjects evaluating content individually in the control condition,
participants within synchronizing networks reported having significantly more positive feelings about

their task, and experience significantly less emotional stress when evaluating controversial content.
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I Introduction

Individuals vary substantially in how they categorize
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novel phenomenal'-3] and particularly in how they
charged(* 4]
controversial contentlél such as offensive and hateful

interpret  emotionally and morally
images over social media. This individual variation is
captured not only by experimental research(?3.7], but
also by qualitative and quantitative analyses of people
who work as content moderators specializing in the
practice of categorizing and removing controversial
content that violates the community standards of
social medial®'4. Despite the urgency of content

moderation, which has been recognized by both
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Congressl!®] and the United Nationsl'®l, research

shows that even trained content moderators
consistently disagree in their decisions for how to
classify hate speech and offensive images, and whether
to remove this contentl® 10-14.17. 18] Yet, puzzlingly,
recent large-scale analyses of classification patterns
over social media find that distinct populations of
internet users (e.g, Democrats and Republicans) can
arrive at similar categorizations of inflammatory content,
such as partisan news and hate speechl!%-26], despite
considerable differences in their political orientations
and moral reasoningl?’-2°]. This raises an important
puzzle: How can separate and diverse populations of
social media wusers arrive at similar ways of
content, despite

considerable differences in their interpretation of and

categorizing controversial
approach to such content?
Here, we provide novel insights into this puzzle by
investigating how interacting in social networks can
filter individual variation and lead separate networks
(or “teams”) to arrive at highly similar classifications of
controversial content, a phenomenon we refer to as
structural synchronization. Our theory is motivated by
recent studies of collective intelligence which find that
exchanging information in structured social networks
reduces variation in individual judgments within
populations, while also leading to convergent solutions
across populations3%371, In particular, a recent study
by Guilbeault et all’l in 2021 finds that distinct
populations  with structures

similar  network

independently evolve highly similar classification
schemes for categorizing novel visual stimuli—viz., the
same stimuli for which isolated individuals produced
highly varied and inconsistent classification schemes.
This prior work emphasizes the role of structure—
and specifically, the structural feature of scale—as the
driving mechanism behind synchronization, since these
prior studies find that interactions in small groups are
insufficient for inducing replicable patterns of
classification. Guilbeault et al.’l showed that while
individuals  share  preferences for  particular
classifications—due to shared psychological processes
or shared culture—these preferences are too weak to
enable synchronization at small scales. They find that
synchronization only emerges in large social networks,
since these

large-scale structures enable weakly

preferred categories to achieve sufficient critical mass

to outcompete alternative classifications, leading these
categories to consistently spread and gain adoption.
These findings suggest a general hypothesis about the
influence of population structure—and in particular,
scale—on belief synchronization across independent
populations.

Unfortunately, prior work in this area focused on
arbitrary content without any political or social
implications. Thus, it remains unknown whether
network structure may also engender social synchrony
on vital topics relating to the classification and
interpretation of controversial and potentially harmful
content online (e.g, posts on social media). It is
frequently argued that morally offensive and politically
charged content activates motivated reasoning which
leads people to be highly resistant to changing their
views, suggesting that the benefits of structural
mechanisms may break down in such cases[34]. The
key mechanism underlying this view is the idea that
exposure to conflicting information activates motivated
reasoningl2 46. 471 for example, by triggering people to
develop and defend arguments that protect their
existing views and avoid cognitive dissonance caused
by holding contradictory beliefs[48: 4%,

However, more recent work suggests that
motivated reasoning may be primarily driven by the
activation of social identity related information[#0-45 50]
rather than exposure to contradictory views
themselves—for example, by triggering people to form
arguments that maintain their membership within a
particular group through a conformity strategy. The
implication of this view is that, in the absence of salient
intergroup boundaries and dynamics, individuals may
be significantly more receptive to countervailing
beliefs

collective

information and willing to
Indeed,

intelligence suggests that social influence in structured

update their
accordingly. recent work on
social networks can lead individuals to overcome
psychological biases and converge on accurate and
replicable judgmentsl”-30.32. 511 This includes research
showing that, in the absence of partisan identity
information, both Democrats and Republicans can
learn from each other and converge on similar
interpretations of data in politically-charged forecasting
tasks[30: 32511 Yet, no prior work to our knowledge
has extended these findings to the domain of
controversial content classification; it is not clear that
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the same convergence dynamics will occur in the

interpretation and classification of salient and
controversial images, since images are expected to
have a particularly strong effect in activating
psychological biases[>2 3], Building on this work in
collective intelligence, we hypothesize that structured
social networks will promote synchrony (i.e,
convergence) across independent populations, leading
them to reach similar decisions about the classification
and removal of controversial materiall”- 30. 321,

We use a pre-registered experiment to test our
hypothesis (https://osf.io/v6édme). In every replication
of our study, we compare classifications of
independent individuals (i.e., control condition) with
the classification judgments of networked participants,
all evaluating the same content. We hypothesize that
independent individuals will exhibit diversity both in
how they classify controversial content, and in
whether they decide to remove this content. By contrast,
we predict that collaborative classification efforts in
structured communication networks will produce
emergent synchronization across all of the networks,
leading every network to exhibit greater consistency
and quality in their judgments than participants in the

control condition.

2 Material and Method

Experimental design. We recruited 620 subjects
from Amazon’s Mechanical Turk (Mturk) to participate
in a paid online content moderation task called the
“Facebook Flagging Task”. This research was funded by
Facebook’s Content Moderation Research Award.
Facebook played no role in the design of this study,
nor in the collection and analysis of the data. The
sample of participants in our study was drawn from
individuals who work in content moderation across a
range of public social media platforms. Across all
experimental conditions, participants were instructed
that the images in their task were drawn from the
posts of Facebook users, and that Facebook was
requesting participants’
whether or not the displayed images should be
removed from their platform. All participants were

assistance in determining

adult US citizens and active social media users who
provided informed consent, with full knowledge that
the task would involve evaluating the appropriateness
of potentially upsetting images. There were no
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differences in subject demographics across conditions.

Subjects were randomized into one of two conditions:
(1) the “individual” condition, in which independent
individuals classified and removed images, without any
communication with other content moderators; and (2)
the “network” condition involved socially interactive
classification, in which fifty individuals collaboratively
classified and removed images by coordinating and
sharing information in structured peer networks. 220
participants were randomized to the “individual”
condition; 400 participants were randomized to the
“network” condition, forming 8 independent social
networks, with no overlap in the sample of subjects
between networks. All analyses to follow are at the
trial level to control for statistical nonindependence
among content moderators in networked teams. See
the “Material and Method” section in the Electronic
Supplementary Material (ESM) in the online version of
this article for more extensive description of the
methodological design and analytic approach.

Subject experience. Subjects were tasked with
classifying a large set of controversial images collected
from social media sites (see Figs. S| and S2 in the
ESM). Subjects were exposed to a set of images
randomly drawn from a continuum of 600 images,
ranging from depictions of interpersonal conflict
(including domestic violence and bullying) to depictions
of militaristic violence (including armed conflict and
terrorism). Subjects were exposed to a random
selection of images from this continuum over the
course of the study. There were no significant
differences in the set of images seen by subjects across
experimental conditions.

Participants were instructed that if they deemed an
image to be inappropriate—such that it should be
removed from Facebook—they should indicate this by
selecting a “violation tag” for the image from a drop-
down menu of 16 options (see Fig. S| in the ESM). The
violation tags were drawn from Facebook’s official
Guidelines and Community Standards[8l. Subjects were
also told that if they believed that an image should not
be removed, they should select the “Do Not Remove”
option from the drop-down menu. The drop-down
menu options were identical across experimental
conditions. The order of the options in the drop-down
menu was randomized in each round and for each
subject in both experimental conditions to prevent
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order effects (see Fig. S| in the ESM).

In the individual condition of the Facebook Flagging
Task, subjects adopted a common approach to
content moderation, currently used by Facebook and
many leading social media platforms[® % 8l Individuals
viewed images one at a time without knowing the
source or context of the image (see Fig. S| in the
ESM)I8. 9. 18],
instructions in the networked version of the task,

Participants were given identical
except in this condition subjects were asked to
their
collaboratively decide how to classify content and
whether to remove it. Subjects in the network
condition participated in a sequence of pairwise
interactions with other content moderators in their fifty-

person networks. All networks were structurally

coordinate  with network neighbors to

identical: complete, fully-connected graphs composed
of fifty unique participants. Each round in the network
condition of the Facebook Flagging task proceeded as
follows!7l.

Each round began with participants being randomly
paired with a member of their network (resulting in
twenty-five pairings per round in each network). In
each pair, one participant was randomly assigned to be
the “speaker” and the other the “hearer”. The speaker
in each pair was shown a set of three randomly
selected images from the continuum (see Fig. S2 in the
ESM), in which one of the three images was highlighted.
Then, the speaker was given thirty seconds to make a
selection from the drop-down menu that would enable
their partner to distinguish the highlighted image from
the other two presented images. The speaker could
either select a violation tag from the list Facebook
content violation tags (for instance, sexism, racism, etc.),
or, if the speaker deemed the image not to be a violation,
they could select the “Do Not Remove” option. Finally,
the hearer was then shown the same set of images in a
randomized order (without any images highlighted),
along with the violation tag that their partner had
selected. The hearer was then given thirty seconds to
identify the image corresponding to the speaker’s
assigned tag. If the hearer succeeded in selecting the
correct image, both participants were compensated
with a cash payment and both were informed about
their agreement. However, if the hearer failed to
select the correct image, both participants lost money
and both participants were shown their partners’
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selections. Once all pairs completed a round, a new
round would begin with everyone in the network
being randomly paired again.

Participants received no information about the
decisions of other members of the population; they
only had access to their partner’s response in the
round in which they were paired[?8 341 All interactions
were pairwise and anonymous. Subjects did not have
information about their partner’s identity, nor the size
of their network. The instructions for participants, and
the stimuli to which they were exposed, were identical
across experimental conditions. Consequently, any
differences across experimental conditions in the
observed patterns of content classification and
removal can be attributed to the direct effects of
networks on content moderation.

Subject
recruited from Amazon’s Mechanical Turk. In order to

recruitment. All participants were
participate, recruits were required to be US citizens
and active users of social media with English as their
first language. Subjects were also asked whether they
possessed prior experience working as a content
moderator for a social media platform, and only those
subjects with prior experience as a content moderator
were invited to participate in this task. 55.3%
identified as male and 44.7% identified as female. 49.6%
identified as democrat, 28.3% as independent, 20.7%
as republican, and the remaining identified as belonging
to an “Other Party”. 75.5% identified as white, 9.9%
as Black, 8.4% as Asian, 4.2% as Mixed, |.1% as Other,
less than 1% as American Indian or Alaska Native, and
less than 1% as Native Hawaiian or Pacific Islander. In
terms of ethnicity, 90.6% selected “none”, 5.3%
selected Hispanic, 2.7% selected Latino, and 1.2%
selected Spanish. There were no significant differences
in the distribution of demographic traits across
conditions. All participants were legal adults and
provided written consent with full knowledge that
they would encounter upsetting images as part of the
content moderation task. Data were collected
between August 2019 and February 2020.

The methodological steps are as follows. Step |I:
Using compsyn to scrape images from Google with the
search terms “abuse” and “terrorism” (see Fig. la);
Step 2: Using Google Vision to classify images in terms
of their degree of membership in the respective
categories, “abuse” and “terrorism” (see Fig. 1b); Step
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Soldiers 94%

Military troop 84%
Terrorist group 77%
Army 76%

(b) Classify images using Google Vision

Abuse
(200 images)
(c) Arrange images into a semantic continuum

Terrorism
(200 images)

Ambiguous
(200 images)

Fig. | Schematic display of our methodology.

3: Using Google Vision classification rankings to
arrange images into a linear semantic continuum (see Fig.
Ic), such that moving leftward along the continuum
increases the likelihood that images are recognized as
depicting “abuse”, and rightward movement along the
continuum increases the likelihood that images are
recognized as depicting “terrorism”. In the middle of
the continuum are ambiguous images that are equally
and weakly associated with abuse and terrorism.
Constructing semantic continuum. The images
were selected and arranged using a hybrid approach,
involving machine learning and human crowdsourcing
(Fig. 1a). Following recent work[>4, this method was

designed to construct a semantic continuum using
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images that allowed us to identify how individuals and
networks grouped together the images using violation
tags, and also to identify the accuracy of the violation
tags that groups used. First, we scraped the top 500
images from Google based on two focal concepts that
are frequent violations of Facebook’s community
standards, namely: abuse and terrorism (Fig. |a). Second,
we classified the extent to which each image belonged
to each focal category using Google Vision, a machine
learning ensemble that applies feature detection and
online metadata to label images and score their
membership in each label (Fig. Ib). We used Google
Vision’s classifications to arrange images into a linear
semantic continuum, so that images in the leftmost
pole of the continuum were increasingly associated
with abuse, while images in the rightmost pole were
increasingly associated with terrorism (Fig. lc). The
middle of the continuum contained ambiguous images
that were less strongly associated with abuse or
terrorism, but which contained visual features relating
to both, such as images depicting police brutality or
political protests. Low quality or irrelevant images
were removed, along with images that included branding,
resulting in a continuum of 600 images. Images in the
-200 range were associated with abuse; images in the
200—400 were ambiguous and weakly related to abuse
and terrorism; and images in the 401-600 ranges were
associated with terrorism.

As a check, we used
crowdsourcing to verify that our arrangement of the

robustness human

images successfully created a linear semantic
continuum (Fig. 2). The data from the individual
condition were used to demonstrate that subjects are
more likely to choose the label abuse for images
further to the left of the continuum, and subjects are
more likely to choose the label terrorism for image
further to the right of the continuum (Fig. 2a). As
images approach the middle of the continuum,
individuals are less likely to use either abuse or terrorism,
and overall variation increases among individuals in
terms of the labels they chose (Fig. 2b). Importantly,
even though the image continuum is structured to
facilitate the identification of boundaries in grouping
together content—and even though individuals are
selecting options from a finite set of predetermined
choices—we observe a substantial amount of variation

among individuals in terms of the labels they ascribe to
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- Abuse
= Terrorism
90%

60%

30%

Probability of most popular label
across Individuals

0%

0 100 200 300 400 500 600
Image continuum

(a)

Number of unique labels across subjects

5 -
0 100 200 300 400 500 600
Image continuum

(b)

Fig. 2 Design validation of the image continuum using crowdsourcing. (a) Probability that either label, abuse or
terrorism, appeared as the most popular label across independent human coders for each image in the continuum.
(b) Ambiguity of images in the continuum by plotting the number of unique labels that appeared across independent

human coders for each image in the continuum.

all regions of the continuum, as illustrated by Fig. 2b.

Identifying violation tags. The semantic
continuum of images is designed to encode three main
regions of interesting: the abuse region, from image 0
to 200; the terrorism region, from images 400 to 600;
and the ambiguous region, from 200 to 400 (see
“Constructing semantic continuum”). Given the pre-
existing delineation of three general regions, we
compare conditions in terms of the top three labels
that are most frequently and successfully used
throughout the task. In the individual condition, we
identify the top three labels used by each individual
and visualize the images that are referred to by these
top three labels. In the network condition, we identify
emergent categories by first identifying the top three
labels that are most successfully used within each
team; then, for each team, we visualize the distribution
of coordination successes for each label, such that the
peaks in the distributions indicate where each network
most frequently succeeds in the use of each label.

The approach outlined above is applied to identify
the places in the continuum where trials in each
condition are more likely to apply the “Do Not Remove”
option. We predict that isolated subjects in the
individual condition would vary significantly in which
regions of the continuum act as the centroidl®®] for
their use of the “Do Not Remove” option (centroid
here indicates the region of peak usage of this label).

By comparison, we predict that subjects in networks

would be more likely to converge on using “Do Not
Remove” in region the ambiguous region of the
continuum (containing images that are ambiguous
between abuse and terrorism; see “Constructing
semantic continuum”). Since subjects use the “Do Not
Remove” option throughout the continuum (though at
differential rates)) we employ an additional
visualization technique to adjust for high variation in
concentration for where subjects in the solitary
condition apply this decision (since this option is used
all over the continuum by solitary individuals, the
density distributions without thresholding fail to
accurately display underlying variation in the areas
where separate individuals’ use of the “Do Not Remove”
option are most concentrated); specifically, rather than
display the raw distribution of images that subjects’
identified with the “Do Not Remove” option, we
identify the median image representing the region
where this option is most frequently applied, and we
visualize a standard deviation of images on either side
of the centroid. This adjustment is applied in displaying
the data for both conditions.

Quantifying subjects’ self-reported
descriptions of their task experience. Subjects
provide qualitative, self-reported descriptions of their
task experience by completing free text entry
responses to the following survey questions, which
they are presented with as soon as the experiment

completed: (1) How did this task make you feel? And
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(2) Do you have any feedback you would like to
provide about your task experience? We employ both
automated and manual techniques for examining the
affective tone of subjects’ self-reported answers to
these questions. The results of this analysis are based
on automatically classifying the emotional tone of text
using the popular application Linguistic Inquiry and
Word Count LIWCI3¢] (see Fig. S3 in the ESM). LIWC
employs a dictionary approach to calculating the
emotional tone of text—that is, LIWC contains a list
of words that are each associated with an emotional
score, from —100 (negative) to 100 (positive); LIWC
gathers the emotional score for each word in a given
text and takes the average of these scores to provide
an overall measure of sentiment. In Section 2.1 in the
ESM, we show how the results are equally robust to
an alternative dictionary-approach to automated
sentiment classification, as well as robust to a manual
approach  to  sentiment  classification  using
crowdsourced human judgments (see Fig. S3 and Table
SI in the ESM).

3 Result

To begin our analyses, we examine the degree of
similarity in the image classifications developed across
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trials within each condition (individuals vs. networks).
Second, we examine the effect of communication
networks on the images that moderators deem
acceptable for social media (i.e, tagged “Do Not
Remove”). Third, we evaluate the effects of information-
sharing networks on partisan differences in the
classification of controversial content. Finally, we
conclude by comparing the emotional experiences of
independent moderators as compared to networked
content moderators.

Figure 3 shows the content tags that participants
used in each condition to flag inappropriate social
exhibite
variation in their classification of social
(Fig. 3; p<0.00l, Kruskal-Wallis).
independent networked groups classify

media content. Independent individuals
substantial
media content
However,
controversial social media content with near-perfect
agreement across all 8 networks (Fig. 3; p<0.0001,
Wilcoxon Rank Sum Test, two sided).

Figure 4 shows that teams’ classification schemes
effectively predict their determination of acceptable
media  content. individuals

social Independent

frequently arrive at conflicting content removal
decisions, exhibiting only 38% agreement in their

judgments about which content should be permitted

1 1
2 2
3 3
T 4 S 4
F 5 F 5
6 6
7 7
8 f . . 8 . . .
0 100 200 300 400 500 600 0 100 200 300 400 500 600
Image continuum Image continuum
(a) Individuals (b) Networks
Violation tag
[l Abuse [0 Sacriegious
[] Bullying [] Sexism
Crime O Terrorism
Fake news [ Torture
Racism t Violence

Fig. 3 A sample of the classifications that emerge in each condition. (a) Classifications that emerge among

independent individuals. (b) Classification systems that emerge in separate, independent communication networks,

each composed of fifty content moderators. Each row displays the classifications constructed by a single unique trial

in each condition. A sample of 8 trials is shown for each condition. The horizontal axis displays the image continuum
of 600 images. For trials in the individual condition, density distributions display the frequency with which specific
labels are used across each region of the continuum. For network trials, the data reflect the classifications that

emerge after 100 rounds of interaction, where the density distributions display the frequency of successful

coordination for each label across the continuum. Each color indicates a unique label.
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Trial
0 N g WN -

0 100 200 300 400 500 600
Image continuum
(a) Individuals

Trial
o ~NOoO O WN -

0 100 200 300 400 500 600
Image continuum
(b) Networks

B Do Not Remove

Fig. 4 Use of “Do Not Remove” option in each condition. (a) Use of this option among independent individuals.
(b) Use of this option in separate, independent communication networks of fifty people. Each row displays a single
unique trial in each condition. The horizontal axis indicates the full range the image continuum. For trials in the
individual condition, density distributions display the frequency with which the “Do Not Remove” option is selected
across each region of the continuum. For network trials, the density distributions display the frequency of successful
coordination on “Do Not Remove” over 100 rounds of interaction across the image continuum.

to remain on Facebook. Strikingly, independent
teams  exhibit
reaching 64%

agreement across all 8 teams in their evaluations of

networked content moderation

significantly ~ greater consistency,
which social media content should be allowed to
remain on Facebook (p<0.001, Wilcoxon Rank Sum
Test, two-sided).

Of particular interest in these findings is their
implications for partisan bias in participants’ content
moderation decisions. Figure 5 shows that in the
independent condition on average only 30% of
democrats and republicans agree in their classifications
(Fig. 5, p<0.001, Proportion Test, two-sided, N=1200).
By comparison, networked teams of moderators
significantly reduce partisan differences in classification,
leading to a 23% increase in the fraction of images for
which republicans and democrats consistently agreed
in their classification (p<0.00, Wilcoxon Rank Sum Test,
two-sided). By the end of the task in the network
condition, the majority of Democrats and Republicans
agree in their image classifications. (Robustness tests
reported in the ESM demonstrate that all of our main
findings also hold when comparing the classification
systems of networked groups to the aggregated
judgments of large groups of independent
moderators—often referred to as “the wisdom of the
crowd”; Figs. S4-S7 and Table S2 in the ESM show that

networks produce significantly more replicable and

==
05t

0.4t
031

027}

0.1}

Rate of cross-party classification
agreement (Repubicans and democrats)

Individuals Networks

Fig. 5 Rate of cross-party classification agreement in
each condition. Classification agreement indicates the
fraction of images for which Republicans and
Democrats agree in the most popular violation tags
they assigned. Classification agreement across parties is
analyzed across individuals and within networked teams
to control for the non-independence of subjects in
social networks. Error bars display 95% confidence
intervals.

less polarized classification patterns than those
produced through a common “wisdom of crowd”
approachl!9. 20, 57-60])

An additional consideration for any approach to
content moderation is the significant emotional stress
experienced by content moderators who are exposed
to large volumes of controversial and potentially

disturbing social media content. To evaluate the effects
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of networked versus independent content
classification tasks on participants’ emotional state, we
administered an open-ended survey immediately
concluding the study, which asked participants in each
condition to provide free-text responses to two
questions. The first question asked subjects to discuss
how the task made them feel, and the second question
asked them to provide feedback on the task. We
coded each of the participants’ responses using LIWC,
a popular technique in natural language processes for
measuring the emotional tone of text[>¢ ¢!,

Consistent with ethnographic research on content
moderators[® % 62,631 responses of subjects in the
individual condition indicate negative sentiment
stemming from a stressful emotional experience (Fig. 6,
p<0.001, Wilcoxon Rank Sum Test, two-sided). Yet,
Fig. 6 shows that networks produce a qualitative shift
in the tone of subjects’ responses. In the networked
teams, moderators’ responses are not merely less
negative, but rather significantly positive (p<0.001,
Wilcoxon Rank Sum Test, two-sided). Moderators in
the networked condition are more likely to report

positive feelings relating to teamwork, productivity,

8

N
Positive sentiment

Sentiment of subjects’ self-reported
task experience

A
Negative sentiment

Individuals Networks

Fig. 6 Average sentiment of subjects’ self-reported
task experience in each condition, measured using the
method LIWC.
Emotional tone is measured by scoring negative

automated sentiment analysis
sentiment terms (from 0 to 100) and subtracting them
from a similar scoring of positive sentiment terms
(from 0 to 100), resulting in a single scale from —100
(maximally negative) to 100 (maximally positive), with
0 indicating the neutral point. Error bars indicate 95%
confidence intervals. Results are robust to alternative
methods for measuring the emotional tone of subjects’

self-reported task experience.

and a sense of purpose for helping address an
important social issue (see Table S| in the ESM).
These results are robust to a variety of automated and
manual methods for coding the emotional valence of
subjects’ responses (see Fig. S3 and Table SI in the
ESM).

4 Discussion

Individuals vary substantially in how they categorize
novel and controversial content, as indicated both by
psychological
qualitative and quantitative analyses

experimental researchl3-6] and by
of content
moderators in social media organizations[®-'4. Yet,
across a variety of contexts and topics, independent
groups of social media users demonstrate remarkable
consistency in how they categorize controversial
content[!%-26], raising the question of how such
consistency can arise at the collective level amid stark
individual differences in classification. Building on
recent work in collective intelligencel”- 33,3740, 64] " we
show that when people engage in peer-coordinated
content moderation within structurally symmetrical
social networks, their decisions for how to categorize
and remove controversial content can become

synchronized across independent communities.
Importantly, our findings are a direct replication of
prior models and experiments demonstrating “scale-
induced convergence” in the categorization of
arbitrary stimulil’]. This work shows that the dynamics
of scale enables replicable trajectories of classification
to emerge despite substantial individual variation in
perception; specifically, these studies show how scale
can induce synchronization in classification even when
no particular classification is preferred by the majority
of the population. This shows how scale plays a driving
role in inducing synchronization in classification,
distinct from majority reinforcement.

A core strength of our study is its use of a
randomized controlled design at the network-level,
which enables precise identification of the effects of
scale on convergence dynamics in classification.
However, this design requires compromising elements
of realism that mark notable limitations of our study
and key areas for future research. First, our study only
examines a single network topology in large teams,
namely a fully-connected (or homogeneously mixing)

population. This topology is the ideal starting place for
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identifying the effects of scale on classification synchrony,
since fully connected networks are the simplest and
most minimal topology that can be held constant
across scales and across populationsl’], whereas more
complex network features (for example, modularity or
centralization) can lead to many different kinds of
topologies that vary in degree along these dimensions
and which are impacted by the size of the network,
introducing challenges of estimation and statistical
power when isolating the effects of topology.
Nevertheless, an important topic for future research is
to investigate how different topological structures
affect coordination dynamics in the classification of
controversial content. For example, consistent with
prior work on social learning in forecasting tasks,
more centralized networks[3] (with some people
having more connections and therefore more
influence than others) may enable the spread of
centralized individuals’ idiosyncratic interpretations,
leading large independent and centralized groups to
vary in their classification systems. Future research on
the effects of topological structures will play a pivotal
role in identifying which structures induce
synchronization and which induce diversification, both
of which may play valuable strategic roles in the
development of classification systems depending on
the context.

Another limitation of our study is its focus on only a
single incentive structure. We assume the simplest and
most canonical incentive structure that most directly
matches classic game-theoretic models of coordination,
and which is widely shown to be effective at inducing
coordination in online social network experiments[6> 661,
In prior work, we show that the incentive to
coordinate alone is not sufficient to induce
synchronization across social groups. In Guilbeault et
al.’s studyl’], they found that only large, fully-connected
populations develop convergent categories for novel
stimuli, whereas smaller fully-connected teams
generate highly variable and path-dependent categories,
even though all participants in all teams are equally
incentivized to coordinate and to avoid punishment
from miscoordination. This demonstrates that scale
and not incentive structure is the driver of structural
setting. That

incentives motivating people to form classifications in

synchronization in this says, the

the social world can vary considerably, such that an

important topic for future research is to investigate

how different incentive  structures mediate
synchronization dynamics in classification. For instance,
recent work shows that a small fraction of committed
defectors who refuse to coordinate (i.e., who possess
a different incentive structure) can mobilize to induce
tipping points that trigger the whole network to shift
convention into a classic

its choice of social

coordination dynamic. This may be particularly
relevant when considering partisan tensions and
competitive dynamics in online classification processes
in the context of fake news and controversial content.

In summary, our findings indicate that structural
symmetry in communication dynamics can give rise to
regularities in category systems at the collective level,
despite considerable variation in the classification
judgments among individuals. These findings inform
previous studies of content moderation by showing
how structured communication networks may help to
ameliorate the emotional harm often experienced by
workers in the field of content moderation(® % 5. 61, 67],
Communication in  structured social networks
significantly improves workers’ emotional experience
and reduces psychological stress, offering an
interesting direction for future research, which may
explore whether networked approaches to content
moderation can help to lower attrition rates among
workers. This suggests that team-based content
moderation practices may be preferable to current
approaches involving individuals classifying content in
isolation[® % 681, We
synchronization may be further useful for an array of
fields that

distributed classification tasks, from detecting various

anticipate structural

rely on human coders to perform
forms of misinformationl!% 20. 38] to exploring scientific
data via “citizen science” (e.g., Galaxy Zoo)[*® %, in
which agreement among aggregated human judgments
continues to be an essential method for the effective
classification and evaluation of novel content. This
network-based approach is poised to integrate into a
hybrid human and Al crowdsourcing, especially given
the central role that RLHFI70 (reinforcement learning
from human feedback) plays in current generative Al
architecturesl®8l. Our work suggests that the quality of
human feedback into Al systems may be enriched if it
is first processed through a structurally synchronized,
which  can increase the

team-based approach,
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likelihood that the human-derived classifications
training Al correspond to common sense agreement
and consensus. In this way, the team-based structural
synchronization of classifications may enable significant
improvements to the quality of classification systems
not only among humans, but also among Al agents that
and influence human

increasingly interact with

understanding throughout culturel®3. 71, 72],
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