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Abstract

Online communities rely on their members to understand and
follow community norms, which they learn by observing oth-
ers and the consequences of their behavior, seeing codes of
conduct, and receiving feedback via moderation. Here, to
determine the contribution of each source of learning to the
preservation of a social norm, we extend cultural consensus
theory, a mathematical framework for identifying the cultural
consensus in a community. In particular, we extend the model
to include learning from experience, centralized moderation,
and decentralized moderation, three features commonly found
in online communities. We then apply the extended model
to data from an online community dedicated to preserving a
norm related to the psychophysical scaling of intersubjective
notions of beauty derived from facial aesthetics. We find that
users’ perceptual alignment with the norm before enculturation
predicts involvement in the community and that experience in
the community is an important indicator for group perceptual
learning.

Keywords: cultural consensus, Bayesian modeling, online
communities, face perception

Introduction

Social interactions are influenced by social norms that de-
termine what actions are considered acceptable and unac-
ceptable (Cialdini & Goldstein, 2004). Social norms shape
human behavior and perception in many domains, includ-
ing beauty judgments (Sugiyama, 2005; Bergstrom & Neigh-
bors, 2006), facial expressions (Hareli, Kafetsios, & Hess,
2015), economic decision making (Azar, 2004), and health
(Staunton, Louis, Smith, Terry, & McDonald, 2014). So-
cial norms are important to social conduct and have impacts
that are extensive, effective, enduring, and frequently unno-
ticed (McDonald & Crandall, 2015). Social norms are theo-
rized to help people coordinate (Gelfand, Harrington, & Jack-
son, 2017), cooperate (Fehr & Schurtenberger, 2018), avoid
social sanctions (Wanders, Homan, van Vianen, Rahal, &
Van Kleef, 2021), and earn rewards (Klucharev, Hytönen, Ri-
jpkema, Smidts, & Fernández, 2009).

Though communities are often more successful when ev-
eryone follows the social norms (Kimbrough & Vostroknu-
tov, 2016; Fehr & Schurtenberger, 2018), norms are not al-
ways followed or even understood by everyone in the com-
munity. To mitigate the possible detrimental consequences
of disobedience, cohesive groups are more likely to enforce
group norms via social sanctioning when someone does not
comply with the social norms (Horne, 2007). Enforcement of

norms can promote desirable behaviors and suppress undesir-
able behaviors in the community.

It is often difficult to measure social norms and their ef-
fects because of the complexity and heterogeneity of norm-
driven behaviors. Some of the prominent and widely used
methods to measure them are incentive-compatible elicita-
tion tasks (Krupka & Weber, 2013), the reasoned action ap-
proach (Fishbein & Ajzen, 2011), and the normative and em-
pirical expectation approach (Bicchieri, 2016). These mea-
surement methods have been limited to laboratory games and
self-report studies. However, many forms of social interac-
tions are best studied in the environment in which they occur
in order to fully understand the factors that influence human
behavior (Parigi, Santana, & Cook, 2017).

The increasing number of social interactions that take place
in virtual spaces provide a unique opportunity to study hu-
man behavior, one that has necessitated the innovative adap-
tation of methods that have previously been used for study-
ing the “real world” (Hine, 2000). Many methods have been
developed to study the cultural and social norms of online
communities and their downstream effects on in-person be-
havior (Kozinets, 2010; Wilson & Peterson, 2002; De Souza
& Preece, 2004). The observation of naturally occurring
and fully observable interactions in online communities can
help to answer the question of how social norms are formed,
learned, and enforced.

Cultural consensus theory (CCT) is a statistical framework
that can be used to infer what cultural beliefs influence so-
cial practices and the degree to which individuals know or
show those beliefs (Romney, Weller, & Batchelder, 1986).
These models provide an opportunity to study individual dif-
ferences in whether a member of a group understands the
consensus answer to a question among a community and al-
lows people to differ in both their level of cultural knowl-
edge and response biases. Researchers have applied the CCT
framework to find a practical and concise definition of beliefs
that are accepted by a group that shares common knowledge.
These models have been widely used to study mental health
(Alang, 2018), cognitive evaluation (Heshmati et al., 2019),
eye-witness testimony (Waubert de Puiseau, Aßfalg, Erd-
felder, & Bernstein, 2012), and organizational culture (Rinne
& Fairweather, 2012). For example, Oravecz and Vandeker-
ckhove (2020) combined a cultural consensus model and a
dynamical model into a single joint process model to exam-
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ine whether subjective beliefs of what makes people loved are
connected to daily life experience of love.

Here, we extend the cultural consensus model to include
three important features commonly found in online commu-
nities: individual learning, centralized moderation, and de-
centralized moderation. We then apply the extended model to
study an online community dedicated to preserving a norm re-
lated to the psychophysical scaling of intersubjective notions
of beauty derived from facial aesthetics. The model is able
identify the cultural consensus, each member’s competence,
individual differences in the rate of learning the social norm,
and the effects of centralized and decentralized moderation.

The plan of the paper is as follows. We begin by review-
ing moderation in online communities and the CCT model
for continuous responses. Next, we describe the online com-
munity studied here and introduce our extension to the CCT
model. Finally, we present and discuss the results of fitting
the model to behavior observed in the online community.

Moderation in online communities

Online (or internet) communities are groups of individuals
with a shared interest or purpose who use the internet to com-
municate with each other. Online communities have their
own sets of guidelines, norms, and needs, such as moderation,
engagement, and management (Kraut & Resnick, 2011). To
thrive, online communities must have active exchanges of in-
formation that improves the community’s objectives, for ex-
ample, regular commenting on a discussion post (McWilliam,
2000).

One form of moderation technique is a centralized moder-
ation, which is performed by one or more members who have
the designated role of moderator. Moderators’ roles are to
keep the activities courteous and beneficial. Grimmelmann
(2015) argued that the success of online communities depend
heavily on the behavior of moderators. Moderators have the
ability to promote or conceal postings, and to recruit or pro-
hibit users to maintain social norms within the community.
Because a moderator’s strict governing can cause attrition and
disengagement (McWilliam, 2000), moderators must care-
fully cultivate precise norms to promote appropriate member
activity in online communities.

Another form of moderation is decentralized moderation,
where community members provide feedback to other mem-
bers’ actions in the form of comments, likes, dislikes, up-
votes, downvotes, and similar symbolic forms of reaction.
Reading threads is often a primary method by which individ-
uals acquire the direct informational and social benefits avail-
able from a community (Welser, Gleave, Fisher, & Smith,
2007). Individuals who provide feedback contribute new in-
formation resources that help others (Lakhani & Von Hip-
pel, 2004). Those who engage in decentralized moderation
work to actively maintain and promote actions in the com-
munity by guiding discussions towards collectively agreed
norms (Lampe & Resnick, 2004).

Active moderation helps to build vigorous shared norms

among a community’s members. Therefore, having a rough
consensus about the community norms can enhance en-
gagement and guide community purposes (Kiesler, Kraut,
Resnick, & Kittur, 2012). For instance, Wikipedia built
a robust neutral-point-of-view norm that encouraged mem-
bers of the community to write a trustworthy encyclopedia
(Wikipedia, 2021a); likewise, the norm where editors take ad-
ditional precautions when adding information on living peo-
ple can lessen the risk of a lawsuit (Wikipedia, 2021b)

Every online community must incorporate successive gen-
erations of newcomers to survive. However, newcomers often
engage in behaviors that are considered to be a violation of
the community’s norms. During early interactions with new-
comers before enculturation, the community must protect it-
self from potentially harmful behaviors that may arise when
dealing with newcomers (Kraut, Burke, Riedl, & Resnick,
2012). In order to overcome these issues and have more com-
mitted newcomers, moderators and members can help new-
comers to learn the norms of the community (Preece & Shnei-
derman, 2009).

Cultural consensus theory

Cultural consensus theory (CCT) is a mathematical frame-
work that measures each respondent’s cultural knowledge
while estimating the culturally “right” answers to a series of
questions defined by group beliefs or norms. The CCT model
jointly estimates (1) an individual’s level of cultural knowl-
edge from their agreement with a consensus truth and (2) the
consensus truth itself from a weighted average of responses,
giving higher weight to individuals with higher cultural com-
petence. The first CCT model, the General Condorcet Model
(GCM), was developed for binary data (true/false responses)
and assumes that the consensus truth of each item is also a bi-
nary value. The GCM has been widely used in the social and
behavioral sciences (Weller, 2007).

Batchelder and Anders (2012) introduced an alternate as-
sumption to the GCM to extend it to continuous truths. An
extensive CCT model for ordinal data was developed using
a Gaussian appraisal model (Anders & Batchelder, 2015).
In addition, CCT models for continuous response data were
developed to estimate and detect cultural consensuses, in-
formant knowledge, response biases, and item difficulty
from continuous data (Anders, Oravecz, & Batchelder, 2014;
Batchelder & Romney, 1988; Batchelder, Strashny, & Rom-
ney, 2010).

Here, we describe the Continuous Response Model (CRM),
developed in Anders et al. (2014) to allow for multiple
consensus truths; however, we will describe the single-
consensus-truth version of the model, which serves as the ba-
sis for our extension to the model.

The single-truth CRM

Data fit by the CRM consists of observations of the random
response profile matrix Xik =(Xik)N→M for N respondents and
M items, where each respondent’s response falls within (0,1)
or a finite range that permits a linear transformation to (0,1).
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The CRM links the random response variables in (0, 1) to the
real line with the logit transform, X↑ = logit(Xik). Therefore,
each item also has a consensus value in (↓!,!).

The single-truth CRM is specified by the following five
axioms, which were developed to model the continuous re-
sponse of respondents that differ in competency, Ei, and re-
sponse biases, ai and bi, to items that have different shared
latent truth values. The respondents have a latent appraisal of
these item values with a mean at the item’s consensus location
plus some error, which depends on their competence level and
the item difficulty. Axiom 1 locates the item truth values in
the continuum. Axiom 2 defines the appraisal error is nor-
mally distributed with mean zero. Axiom 3 sets the appraisals
are conditionally independent given the respondents’ cultural
truth and the error standard deviations. Axiom 4 specifies
the standard appraisal error that depends on the respondent’s
competence and item difficulty. Axiom 5 covers each respon-
dent’s response bias and location response tendencies on the
scale.

Axiom 1. Cultural Truth. There is a single consensus
truth

Z
↑ = (Z↑

k)1→M,where each Z↑
k ↔ (↓!,!). (1)

Axiom 2. Latent Appraisals. Each respondent draws a
latent appraisal for each item Yik = Z↑

k + ∀ik. The ∀ik error
variables are distributed normally with mean 0 and standard
deviation #ik.

Axiom 3. Conditional Independence. The ∀ik are mutu-
ally stochastically independent.

Axiom 4. Precision. There are knowledge competency
parameters E = (Ei)1→N with all Ei > 0, and item difficulty
parameters specific to each cultural truth ∃= (%k)1→M, %k > 0
such that

#ik = %k/Ei. (2)

If all item difficulties are equal, then each %k is set to 1.
Axiom 5. Response Bias. There are two respondent bias

parameters that act on each respondent’s latent appraisals, Yik,
to arrive at the observed responses, the Xik. These include
a scaling bias, A = (ai)1→N ,ai > 0; and shifting bias B =
(bi)1→N ,↓! < bi < !, where

X↑
ik = aiYik +bi. (3)

These five axioms undergird the single-truth CRM that the
present work will extend.

Extending the cultural consensus model

Here, we extend the cultural consensus model to include
learning and moderation, both centralized and decentralized.
Our computational model is designed to represent how a user
contributes to a community and how the community responds
to those contributions. We use a Bayesian hierarchical model
that allows for multiple processes to contribute to a single
set of observed data (Lee, 2011; Anders et al., 2014). The
hierarchical structure of our generative model of ratings and
moderation events is described below.

The extended cultural consensus model assumes that each
posting k has a consensus response (e.g., rating or relevance):

Zk ↗ Beta(&,∋),
where & and ∋ both sampled from a prior distribution, &,∋ ↗
Gamma(10,1). We assume that each post has the same level
of difficulty in responding to it.

Learning

In the extended model, each user has a cultural competence
that determines the precision with which they can access the
cultural consensus. Critically, competence is assumed to im-
prove as a function of experience in a process of exponential
saturation, such that for user i,

Ei(t) = Ei(0)+(E! ↓Ei(0))(1↓ e↓Lit), (4)

where t is the number of ratings previously completed by the
user, Ei(0) is the user’s initial competence, E! is the asymp-
totic competence under infinite practice, assumed to be shared
across all users, and Li is a user-specific rate parameter. Users
may vary in their initial competence due to incidental align-
ment to the cultural norm or because they were lurkers who
observed the community and learned from it, but did not par-
ticipate for some time. Observers may learn from observing
other group members’ behavior and from obtaining feedback
from other users in the form of centralized and decentralized
moderation.

A user’s initial cultural competence is determined by their
knowledge about the cultural consensus before enculturation
and is sampled as follows:

Ei(0)↗ Gamma((a,%a),
where (a and %a are both sampled from a prior distribution,
(a,%a ↗ Exponential(0.4).

Each user has a learning rate that determines how quickly
their competence approaches its asymptotic value with expe-
rience and is sampled from

Li ↗ Gamma((b,%b),
where (b and %b are both sampled from a prior distribution
(b ↗ Exponential(1) and %b ↗ Exponential(0.001). In this
application, these hyperparameter choices provide the model
with considerable flexibility to express individual differences
in learning the social norm.

We assume that all users share an asymptotic competence,
E!, the highest attainable level of competence and is sampled
by

E! ↗ Gamma((a,%a),
where (a and %a are sampled from prior distributions (a ↗
Exponential(0.4) and %a ↗ Exponential(0.4), respectively.

Each rating is then assumed to be generated from
bi ↗ Normal(0,0.1)

r ↗ Normal(Zk +bi,1/Ei(t)), (5)

where bi is a user-level bias term. We assume that the scaling
bias for each user is 1. Each rating, r, is sampled from the
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normal distribution with the mean of item consensus, Zk, plus
the user shifting bias, bi, and inverse variance, given by the
competence Ei(t).

Decentralized moderation

Incorporating decentralized moderation enables us to obtain
more precise estimates of cultural competence and consensus
by considering the way that the community responds to the
individual. Different communities implement decentralized
moderation in different ways. For example, Reddit associates
a score attribute with each post and comment. The score is the
difference between the number of upvotes and downvotes for
that post or comment. Because Reddit does not provide direct
access to the proportion of votes that are upvotes, nor the total
number of voters, these are latent parameters of the model.
Our generative model of a score s associated with a response
r begins by sampling the number of voters n, then proceeds
to sample the proportion ) of votes that are upvotes under the
assumption that upvotes fall away exponentially with distance
from the consensus according to a rate parameter ∗:

n ↗ Exponential(0.4)
∗ ↗ Uniform(0,100)

) = e↓∗|Zk↓r|

s = n)↓n(1↓))
= n(2)↓1).

(6)

The distance is calculated as the difference between the re-
sponse and the consensus.The score is derived from the total
number of voters and the proportion of voters that upvote the
response.

Centralized moderation

Incorporating centralized moderation also enables more pre-
cise estimates of cultural competence and consensus. Mod-
erators are responsible for enforcing community guidelines
and norms to support the community’s goals. In online com-
munities, moderators actively inspect posts for relevance. We
assume all moderators have high-precision estimates of the
cultural consensus. If the response is not aligned with the
consensus, moderators will moderate the comment along with
a warning. However, moderators are not perfectly vigilant:
they notice misaligned responses with probability less than
one. Our generative model of moderation events begins by
sampling a vigilance probability

g ↗ Uniform(0,1)

We further assume that moderators have a limited sensitivity
+ to error with respect to the consensus when moderating:

+ ↗ Uniform(0,5).

We use the vigilance probability and the moderators’ sensi-
tivity as an input to a sigmoidal link function to cast warnings:

y =
2g

1+ e↓+(r↓Zk)
↓g (7)

Figure 1: Ratings vary with experience (user’s ordinal posi-
tion of the rating). The upper and lower plots represent the
/r/truerateme and /r/rateme communities, respectively.

The link function produces output in the interval [↓1,1]. We
flip a coin weighted |y| to determine whether a moderation
event happens, and if so, the sign of y governs the direction
of moderation.

Data description

Reddit is a social media platform where users share posts and
comment on them. Reddit is divided into millions of sub-
reddits, communities that cover a variety of subjects (e.g.,
r/television, r/askscience, and r/movies). Users can upvote
or downvote posts and comments on posts, which can in part
determine who else sees the posts and comments.

Here, we study the r/truerateme and r/rateme communities,
which are dedicated to rating attractiveness based on facial
aesthetics in response to face images posted by their mem-
bers. The rating scales are between 0 (lowest rating) to 10
(highest rating). Studying these communities thus provides
a unique opportunity to study intersubjective cultural phe-
nomena because of how amenable these particular norms are
to quantitative characterization. Though these communities
have similar purposes, they adopt and enforce different social
norms. In r/truerateme, the community preserves a particu-
lar intersubjective beauty norm by defining a rating scale and
using strict moderation, which is not the case in the /rateme
community, which focuses more on subjective impressions of
attractiveness.

We curated a dataset with all comments and voting be-
havior in these two communities from the Pushshift Reddit
dataset (Baumgartner, Zannettou, Keegan, Squire, & Black-
burn, 2020). For each dataset, we considered all submissions
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made between October 1, 2017, and June 30, 2021. Because
the /r/truerateme dataset contains outdated upvote and down-
vote data, we refreshed it using the Reddit API. We extracted
all numerical ratings from user comments and selected the
midpoint of ratings that took the form of ranges (e.g. 5.5–6).
After filtering the comments to include only top-level com-
ments with ratings, the datasets for r/truerateme and r/rateme
contained 173,331 and 119,105 ratings, respectively.

We use only the dataset from the /r/truerateme community
to build our computational model because this community en-
forces strict norms that provide a strong reason to believe that
there is a cultural consensus to be estimated. The data consist
of an ordered set of ratings by users to given items, as well as
the scores (decentralized moderation) and moderation events
(centralized moderation) associated with the rating. The re-
sponse tensor for ratings is given by

X = (Xikn)16,718→46,107→3,293,

where i is the user index, k is the item index, and n is the user’s
experience, the number of responses that a user has thus far
contributed to the community. We rescale ratings to fall in the
interval [0,1]. Note that the ratings tensor is sparse because
members rate only a subset of items. Next, there is the score
matrix, given by

D = (Dikr)16,718→46,107→173,331,

where i is the user index, k is the item index and r is the
given rating. Cells contain scores, which are calculated as the
number of upvotes minus the number of downvotes associ-
ated with the rating.

And finally, there is the moderation matrix, given by

H = (Hikr)16,718→46,107→173,331,

where i is the user index, k is the item index and r is the
given rating. Cells can take one of three values: a label for
an underrating moderation, an overrating moderation, or no
moderation.

Implementation: The model was implemented in
NumPyro (Phan, Pradhan, & Jankowiak, 2019) with
the JAX backend (Bradbury et al., 2020). The model
components were integrated into a single likelihood function
and a set of prior distributions, needed to infer a posterior
over the unobserved variables in our model using the No-
U-Turn Sampler (NUTS) (Hoffman, Gelman, et al., 2014),
a standard Markov chain Monte Carlo sampling algorithm,
as implemented in Numpyro. We used 1 chain with 2,000
warm up samples and 2,000 draw samples, thereby obtaining
2,000 posterior samples. We ensured that the posterior had
converged by ensuring there were not divergence transitions.

Results

Enforcing the norm: Enforced norms establish the iden-
tity of a group that enhances the differences between group
members and those from outside of the group. The two on-
line communities studied here, r/truerateme and r/rateme, en-
force different norms of facial attractiveness (Fig. 1). The

Figure 2: Left: Inferred shape of the function linking error
to the probability of the moderator commenting that a rating
was an overrating vs. underrating. Right: Calibration curve
showing when moderators comment.

/r/rateme community permits a larger range of ratings com-
pared to the /r/truerateme community, and ratings do not con-
verge towards any particular group agreement despite time
spent in the community (Fig. 1).

The moderators in /r/truerateme are sensitive to misalign-
ment to the consensus (Fig. 2). Upper and lower asymptotes,
corresponding to the best-fit vigilance parameter, 0.17, show
that moderators often do not comment on even large errors
(Fig. 2, left). Community members show similar sensitivity
when providing feedback to other members’ ratings (Fig. 3).
These results support the notion that /r/truerateme strictly en-
forces its inter-subjective social norms to maintain their com-
munity purposes.

Figure 3: The proportion of voters who upvote decays with
the distance between the rating and the consensus value. The
best-fit rate parameter, displayer here, was 65.19.

Learning the norm: Starting when a user first joins a com-
munity, the venues for learning multiply. Newcomers can
start to learn about community norms even before they in-
teract with other community members. Social learning the-
ory by Bandura (1978) suggests that individuals learn by ob-
serving how others behave. As shown in Fig. 4, we find
that users’ perceptual alignment with the community norm
before enculturation predicts involvement in the community
(r = 0.38). Also, newcomers’ initial observations and inter-
actions might influence their involvement in the community.
Competent newcomers in rating face images are more likely
to receive positive feedback and satisfy their expectations by
choosing the right community.
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Figure 6: Users with more experience are better calibrated to the consensus.

Figure 4: Tenure in the community is predicted by initial
competence.

Fig. 5 shows that experience in rating items is an impor-
tant indicator for group learning of the shared social norms
(r =↓0.55). As the members are maturing, the group learns
the norms of the community both through observation and di-
rect reinforcement, where accurate ratings are rewarded while
inaccurate ratings are punished. Once the members reach a
certain maturity, the consensus becomes more available to
them.

Although the /r/truerateme community demonstrates quick
perceptual adaptation after the first rating in the community
to recalibrate their responses to a shared social norm (Fig.
6), it is unclear whether the primary mechanism that supports
group learning is individual perceptual learning or sanction-
ing and dropout of community members with low compe-
tence.

Discussion

We built a computational model that extends Cultural Con-
sensus Theory to include (1) learning, (2) centralized moder-
ation, and (3) decentralized moderation, all commonly ob-
served mechanisms in online communities. We study the
contribution of each social interaction to the learning and en-
forcement of social norms in an online community.

This study considers a particular online community,
/r/truerateme, that provides a unique opportunity to leverage
psychophysical methods to understand intersubjective cul-
tural phenomena because of how amenable this community
norm is to quantitative characterization. We note that our

Figure 5: Experience helps the group perceptual alignment.

model is applicable to study a broad array of intersubjective
judging processes within finite scales that are formed by so-
cial norms.

Communities have various ways to sanction acceptable
and unacceptable social behaviors in the society. In most of
the online communities, members can up vote/down vote or
like/dislike the behavior to display their agreement with com-
ments and posts made by other members. We leverage this
observed data in our hierarchical model to determine item
consensus, moderation errors, and user competence more pre-
cisely.

The evaluation of intersubjective judgements has been as-
sessed based on quantitative evidence, such as a evaluation
of judges in sport competitions (Heiniger & Mercier, 2018).
Likewise, moderators are allowed to judge members’ behav-
iors that are based intersubjective norms to control group be-
havior. However, moderators can have biases and low com-
petence in judging these behaviors. To quantitatively assess
moderator performance, future work can extend our computa-
tional model to infer each moderator’s competence along with
their biases in support of providing more transparent mecha-
nisms for promoting the health of online and other communi-
ties.
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