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Modelling rapid online cultural transmission:
evaluating neutral models on Twitter data with
approximate Bayesian computation
Simon Carrignon 1, R. Alexander Bentley2 & Damian Ruck2

ABSTRACT As social media technologies alter the variation, transmission and sorting of

online information, short-term cultural evolution is transformed. In these media contexts,

cultural evolution is an intra-generational process with much ‘horizontal’ transmission. As a

pertinent case study, here we test variations of culture-evolutionary neutral models on

recently-available Twitter data documenting the spread of true and false information. Using

Approximate Bayesian Computation to resolve the full joint probability distribution of models

with different social learning biases, emphasizing context versus content, we explore the

dynamics of online information cascades: Are they driven by the intrinsic content of the

message, or the extrinsic value (e.g., as a social badge) whose intrinsic value is arbitrary?

Despite the obvious relevance of specific learning biases at the individual level, our tests at

the online population scale indicate that unbiased learning model performs better at mod-

elling information cascades whether true or false.
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Introduction

Cultural evolution is undoubtedly altered by social media
technologies, which impose new, often algorithmic, biases
on social learning at an accelerated tempo on a vast virtual

landscape of interaction. Unlike traditional societies that share in
person (Danvers et al., 2019; Smith et al., 2019), sharing on social
media is often not primarily kin or need-based. Important
evolved psychologies, for example, such as shame and social
exclusion (Robertson et al., 2018), or the visibility of social
interactions involving others (Barakzai and Shaw, 2018), can be
greatly altered in online social networks. One way they affect
social learning is by the prominent display of social metrics (likes,
shares, followers, etc) that feed biases toward popularity and often
novelty; digital social data far exceed what a human Social Brain
can track without technological assistance (Crone and Konijn,
2018; Dunbar and Shultz, 2007; Falk and Bassett, 2017; Hidalgo,
2015). Additionally, homophily is facilitated as people interact
within their “social media feeds, surrounded by people who look
like [them] and share the same political outlook,” as Barack
Obama (2017) put it.

Reshaping social learning in diverse ways, social media plat-
forms provide an opportunity to observe how their algorithmic
constraints and biases on social learning affect how information
spreads and evolves. Indeed, as the popularity among those
platforms changes substantially from year to year (Lenhart, 2015),
the cultural evolutionary process itself may be changing on an
intra-generational time scale.

Since social learning strategies are culturally variable (Molle-
man, Gächter, 2018), they should also vary by social media
platform. While Facebook, for example, may bias social learning
towards recent and popular material among clustered groups of
friends, Twitter often involves larger groups of followers who may
largely be strangers to each other and to the people (or bots) they
are following (Ruck et al., 2019).

Two major categories of social learning strategies are content-
biased learning and context-biased learning (Kendal et al., 2018);
either bias can be manipulated by a social media platform.
Content-bias can be imposed, for example, by algorithmic filters
that customize social media feeds to individual users. Context
biases are also routinely imposed by social media platforms,
which often prioritize popularity and recentness. Since strategies
such as “copy recent success” are most competitive in fast-
changing social landscapes (Rendell et al., 2010; Mesoudi et al.,
2015), we might expect these context biases to flourish among
social media (Bentley and O’Brien, 2017; Acerbi and Mesoudi,
2015; Kendal et al., 2018). Until recently, context-bias in online
media was often underestimated. The hosts of Google Flu, for
example, over-predicted influenza rates for 2013 (Lazer et al.,
2014) by not accounting for context-biased learning about flu
from other Internet users rather than individuals’ own symptoms
(Bentley and Ormerod, 2010; Ormerod et al., 2014).

With over 300 million users worldwide, Twitter makes many
social learning parameters explicit, including the numbers of
followers, re-tweets and likes of users and their messages.
Aggregated Twitter content has previously been used for counting
the frequencies of specific words across online populations, which
can reveal mundane cycles of daily life (Golder and Macy, 2011),
the risk of heart disease (Eichstaedt et al., 2015) and numerous
other phenomena.

Subsequently, more work has been done on the dynamics of
information flow online. Vosoughi et al. (2018) documented how
false news travel “farther and faster” than true information
among Twitter users. Here we begin to explore these dynamics by
focusing on the sizes of Twitter “cascades” measured by Vosoughi
et al. (2018), in terms of total number of re-tweets of messages
that had been independently classified as true or false. Here we

refer to “true” versus “false” rumors in their data, which corre-
spond to confirmed fact-checked rumors versus rumors that were
debunked, respectively—see Vosoughi et al. (2018).

Established in cultural evolution research (Acerbi and
Bentley, 2014; Bentley et al., 2011; Neiman, 1995; Premo, 2014;
Reali and Griffiths, 2010), our null model is that Twitter mes-
sages are “neutral”, i.e., copied randomly with negligible bias,
until proven otherwise. Models of unbiased (neutral) copying
have also been applied to social media (Gleeson et al., 2014). In
this approach, we assume that the probability of a message
being re-tweeted depends only on the current frequency of the
message and not on its content. Content bias would be iden-
tified when the model is falsified (Acerbi et al., 2009; Acerbi and
Bentley, 2014; Bentley et al., 2004; Bentley et al., 2007; Bentley
et al., 2014; Kandler and Shennan, 2013; Mesoudi and Lycett,
2009; Neiman, 1995).

Unbiased copying models have been calibrated empirically
against real data sets that represent easily copied variants, such as
ancient pottery designs (Bentley and Shennan, 2003; Crema et al.,
2016; Eerkens and Lipo, 2007; Neiman, 1995; Premo and Schol-
nick, 2011; Shennan and Wilkinson, 2001; Steele et al., 2010), bird
songs (Byers et al., 2010; Lachlan and Slater, 2003), English word
frequencies since 1700 (Ruck et al., 2017), baby names (Hahn and
Bentley, 2003), and Facebook app downloads (Gleeson et al.,
2014). The time scales of these studies range from centuries to
decades, months or days.

The two most important parameters of unbiased copying
models are population size, N, and the probability, μ, of inventing
a new variant (Hahn and Bentley, 2003; Neiman, 1995).

In order to compare different models in explaining the data,
models need to be generalized, through multiple parameters, to
generate as many outcomes as possible, taking into account
sampling and different possible biases in cultural transmission
(Kandler and Powell, 2018). The goal is to estimate probability
distributions of those parameters to explain the set of posterior
distributions.

To model the dynamics of Twitter cascades, we test several
different models of context-biased learning. These models can be
compared based on their ability to replicate the data while
minimizing the number of model parameters. Once we have
determined the best model, we then estimate a probabilistic range
of each parameter values to best fit each data set. The goal is to
compare parameter ranges between different data sets.

Kandler and Powell (2018) advocate the use of Approximate
Bayesian Computation (ABC), which can produce a probabilistic
representation of parameter space that shows how likely the
parameters are to explain the data. ABC allows models to be
compared using Bayesian Inference to e`stimate the probability
that a model explains the data (posteriors) given existing
knowledge of the system (priors); models are often compared
using likelihood ratios.

Using this approach on the Twitter data explored by Vosoughi
et al. (2018), we can select the model of social transmission that
best reproduce the observation. Moreover, as prior information
on Twitter users is available, we can determine with precision the
distribution of biases at the individual level in the population of
Twitter users. This opens the possibility of explaining how the
observed differences (Vosoughi et al., 2018) appear.

Models of context-based re-tweeting
Here we consider a model of unbiased social learning, also known
as the Neutral model. Consider a population of Twitter users in a
fully-connected network. The number of modelled Twitter users,
N, is kept constant, as we will assume the modelled time period

ARTICLE PALGRAVE COMMUNICATIONS | https://doi.org/10.1057/s41599-019-0295-9

2 PALGRAVE COMMUNICATIONS |            (2019) 5:83 | https://doi.org/10.1057/s41599-019-0295-9 | www.nature.com/palcomms

www.nature.com/palcomms


(days or weeks) is short compared to any growth in number
of users.

Each Twitter user observes N randomly-selected users (self plus
N−1 others) in each time step. In this population, users either
tweet something unique of their own or else re-tweet another
message. At time t, each of the re-tweeting agents chooses ran-
domly among the N agents, and either re-tweets that agent’s
message, with probability (1−μ), or else composes an original
new tweet, with probability μ. We run the model until reaching a
steady state (for τ= 4μ−1 time steps (Evans and Giometto,
2011)). In this basic unbiased copying model, a re-tweet is chosen
from among N Twitter users, as opposed to choosing from the
different Tweet messages themselves. This means some/all of the
N Twitter users will be re-Tweeting the same message. The
number of different messages, k, observed by each user is typically
much less than N.

Next, we modify this unbiased model to introduce context-
biases through three different forms of popularity bias. The first is
a frequency bias, where the probability of a message being copied
increases with frequency above the inherent frequency-dependent
probability of the neutral model itself.

As social media feeds often highlight “trending” messages in
some form, the other two versions represent “toplist” biases, in
that Twitter users are biased towards the top y (where y is the size
of a “trending” list) most popular messages (Acerbi and Bentley,
2014).

The first context-biased model derives from a more general
model of discrete choice with social interactions (Brock and
Durlauf, 2001; Bentley et al., 2014; Brock et al., 2014; Caiado et al.,
2016). A parameter β represents the overall magnitude of social
learning biases. Another parameter, J, represents context-bias,
specifically popularity bias here. For the population with global β
and J, a simple representation (Bentley et al., 2014; Bentley et al.,
2014; Caiado et al., 2016) for the probability, Pi, that a Twitter
user re-tweets message i is:

Pi ¼
eβ Ui þ Jpi½ �

Pk
i¼1 e

β Ui þ Jpi½ � ð1Þ

Here the term Ui would denote the intrinsic payoff to choice i,
which here could be the ‘attraction’ (Acerbi, 2019) of message i
for (re-)Tweeting. While future models can explore this para-
meter, due to the computational cost to the ABC (see Discussion
section), here we simply assume the messages have no intrinsic
utility, i.e., Ui= 0 for all messages, i. This yields:

Pi ¼
eβJpiPk
i¼1 e

βJpi
ð2Þ

In this case the context-bias, Jpi is based upon the popularity,
pi. Note that both context- and content-bias are, respectively,
homogeneous for all agents. We could, in a more advanced
model, have heterogeneous distributions of J and U across all
agents, but this becomes unwieldy, as the parameter space
becomes too large to be explored by our current ABC algorithm.

Note also that when β= 0 and/or J= 0, the model reduces to a
random guess model, where each choice has equal probability
regardless of its frequency, i.e., Pi= 1/k for all choices, i. By
contrast, under the neutral (a.k.a. random copying) model, the
expected frequency of each future choice is predicted by its pre-
vious frequency. Equations 1 and 2 do not reduce to the basic
neutral model in a simple way; the copying is neutral in this sense
only for particular momentary combinations of β and pi(t).

Next, in our “Top threshold” model, Tweets are exhibited in a
“top list”, such that a parameter C determines the fraction of
individuals that will re-tweet a message from this list of the top y
trending Tweets in the population (Acerbi and Bentley, 2014).

The other 1-C fraction of the population will re-tweet something
else at random, per the Neutral model.

Our “Top Alberto” model, named for its inventor (Acerbi and
Bentley, 2014), is a slight modification. At each time step in the
Top Alberto model, a fraction, C(1−μ), of the Twitter users
compare the rank of their own tweet, to y most popular tweets,
and the user only re-tweets something else if their tweet is not
already on the top y list. The remaining fraction of individuals
(1−C)(1−μ) re-tweet as in the basic neutral model. Note that a
new set of ‘conformist’ agents, represented as a fraction C(1−μ)
of the population, are randomly selected at each time step.

In summary, our models for re-Tweeting activity, which are
detailed in the Appendix, are

● Unbiased copying (Neutral model)
● Conformist copying
● Top Threshold copying
● Top Alberto copying

All the algorithmic description of the model are made available
in the supplementary materials. Then to summarize the variables
and parameters in these models, we have:

● i: index of message i
● pi: popularity of message i
● β: intensity parameter
● μ: probability of writing a new tweet (as opposed to re-

tweeting)
● k: number of different messages among the N users
● N: number of different Twitter users
● Ui: intrinsic payoff of message i (Ui= 0 here, we will explore

Ui > 0 in the future)
● J: context bias, specifically frequency bias (universal among all

agents)

While they do not span the space of all possible models, even
these four models require a rigorous means of discrimination
when compared to the data. In calibrating these models to Twitter
cascade size, we use Approximate Bayesian Computation
(Kandler and Powell, 2018).

Approximate Bayesian computation
Here we use Approximate Bayesian Computation (ABC) to
calibrate our models against Twitter data. The aim is to find the
distribution of parameters of each model knowing data dis-
tribution, ie the posterior distributions of the model. To do so one
usually use Bayes equation:

PðθjDÞ ¼ PðDjθÞPðθÞ
PðDÞ ð3Þ

where θ is the vector of parameters for a given model, P(θ) is the
prior distribution of the parameters, P(D) the data and P(D|θ) the
likelihood.

Finding the likelihood of our models is not an easy task,
however, as there is no direct way to do so. An indirect method
approximates the likelihood by simulating the models and
rejecting the parameter ranges that yield results to far from the
data distribution (Kandler and Powell, 2018).

ABC requires a definition of a distance between model and the
data, which allows approximation of the likelihood distribution of
different model parameters. Here we adapt an ABC version by
Crema et al. (2016), which randomly samples the parameter space
and computes a distance between the simulations and the data
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using the following distance function:

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
X100
i¼1

QiðlogðSÞÞ � QiðlogðDÞÞ½ �2
vuut ; ð4Þ

where Qi(X) is the i th percentile of the sample X, S is the sample
generated by the simulation, and D the data.

In this simple version of ABC, called the rejection algorithm, a
huge number of simulations are run and only the parameters of a
small percentage of simulations yielding the lowest distance to the
data are kept to draw the approximate posterior distributions.

Data
Vosoughi et al. (2018) analyzed a set of 126,000 news stories
distributed on Twitter from 2006 to 2017. These stories were (re-)
tweeted 4.5 million times by approximately 3 million Twitter
users. These news stories were classified as true and false using
multiple independent fact-checking organizations, which were
over 95% consistent with each other and further confirmed by
undergraduate students who examined a sample of these deter-
minations (Vosoughi et al., 2018).

For each different message in this dataset, Vosoughi et al.
(2018) measured how many Twitter users re-tweeted the message,
called the “cascade size”, which we model here. Tweet cascades
started by bots were not a significant factor in these data
Vosoughi et al. (2018). Vosoughi et al. (2018) also measured other
dimensions of these Twitter cascades, included the “depth”
(maximum number of successive re-tweets from the origin tweet),
“breadth” (maximum number of parallel re-tweets at the same
time), and time elapsed over the cascade.

Since Vosoughi et al. (2018) counted multiple cascades for
certain messages, we binned identical message cascades together,
yielding a group of cascade distribution for each message (Fig. 1).
This reduces the dimension of the data set to one unique dis-
tribution, avoids the need to keep the full structure of each cas-
cade and allows to directly compare our model to the data
collected by Vosoughi et al. (2018).

Figure 1a shows the distribution of cascade sizes when each
cascade is taken separately, Fig. 1b shows aggregate cascade sizes
where we have aggregated the number of re-tweets for cascades of
identical messages.

Results
Model Selection. To formally select between the different models
we can use the posterior distributions of the different models
given the data. The Bayes equation described by the Eq. 3
becomes:

PðmjDÞ ¼ PðDjmÞPðmÞ
PðDÞ ð5Þ

where P(m) is the prior and the likelihood P(D|m) is estimated
through Approximate Bayesian Computation (Toni et al. 2009,
Toni and Stumpf, 2010), and the probability of the data, P(D), in
the denominator cancels out when we compare models to each
other. To calculate P(m|D), we define a level of acceptance, λ, that
determines the number of simulations we will accept (ie. accept
the λ best simulations). Then we calculate how many simulations
of each model are below this acceptance level. Table 1 sum-
marizes this distribution ofm for different levels of λ ϵ [500, 5000,
50000].

We note that the Top Threshold is by far the least likely model
to explain the data. The best models in Table 1 are the Unbiased
and Top Alberto models. Since the Bayes factors do not change
much even if we divide the level λ by 100, the accepted
simulations appear to be a good approximation of the real
distribution.

To compare models more formally, having used uniform prior
probability distributions for all models, we can compute the Bayes

Fig. 1 Complementary Cumulative Distribution Functions (CCDFs) of (a) non aggregated cascades vs (b) aggregated cascades with same rumors. Those
CCDFs represent the percentage of respectively (a) cascades and (b) rumors that have reached a given number of re-tweets between 2007 and 2017

Table 1 Bayes factor table for different acceptance ratio, for
distribution of true (top) and false (bottom) rumors

P(m|D,
λ= 500)

P(m|D,
λ= 5000)

P(m|D,
λ= 50000)

m vs True
Unbiased (1) 0.307 0.315 0.352
Conformist (2) 0.298 0.303 0.273
Top

Threshold (3)
0.048 0.047 0.110

Top Alberto (4) 0.302 0.335 0.311
m vs False

Unbiased (1) 0.384 0.351 0.323
Conformist (2) 0.198 0.277 0.270
Top

Threshold (3)
0.006 0.018 0.086

Top Alberto (4) 0.412 0.354 0.321
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Factor KmA;mB
between pairs of models as follows:

Kðm¼A;m¼BÞ ¼
Pðm ¼ AjDÞ
Pðm ¼ BjDÞ ð6Þ

For the smallest level of acceptance, λ= 500, and when
modelling the true twitter cascades, the Bayes factors show the
Unbiased model to be slightly better than the Conformist model
(K= 1.18) or the Top Alberto model (K= 1.19), while the
Conformist and Top Alberto models are equivalent (K= 1.01)
and the Top Threshold model is highly unlikely compared to the
other three models (K < 0.16).

Similarly, when modelling the cascades of false tweets, the Top
Threshold model is highly unlikely (K < 0.02) compared to any of
the other three models. For false tweets, Unbiased and Top
Alberto models are equally good (K= 1.07) and do better than
the Conformist model (K > 2.0).

The number of parameters is, implicitly, taken into account in
the Bayes factor: To approximate the likelihood while doing the
ABC we randomly sample the same number of data points from
the prior distribution, thus if the number of parameters for one
model is higher, the parameter space is bigger and the sample size
drawn from the prior will cover a smaller fraction of the total
space, yielding a lower probability to find good simulations that
fall under our λ threshold.

To calculate something comparable to AIC, we use the raw
values from Table 1 divided by the total number of simulations.
This would give us the approximated likelihood, L, for each
model. Then AIC is −2 × lnL+ 2p with L the likelihood and p the
number of parameters. This gives a set of “corrected” Bayes
factors as in Table 2, in which the Unbiased (basic Neutral) model
(1) is the best for both sets of data.

Posterior distributions. The ABC algorithm allows us not only
to select between the models but also to look at the posterior
distribution of the parameters that yield to simulations repro-
ducing the data. The idea is then to explore the result of the Eq. 3,
once the likelihood P(D|θ) has been approximated by the ABC.

As the Unbiased model is the most likely, we present only its
posterior probability distributions in Fig. 2. Each panel of Fig. 2
compares the posteriors of the ABC done with the true tweets (in
green) against the ABC done with the false tweets (in red) and the
prior used in both case (in grey).

Figure 2 indicates the effect of the invention rate, μ, population
size, N, and run-in time, τ. The most well-defined probability
peak related to false tweet cascades is the invention rate, μ. There
are fewer time steps required in modelling the true tweets
compared to the false tweets. This is consistent with false tweet
cascades persisting longer (Vosoughi et al. 2018). Similar figures
for the three context-dependent models are shown in the
supplementary material.

From those posterior distributions it is possible to determine
the parameter range with the highest probability: the highest
density region (HDR) (Hyndman, 1996) – often also called the
Highest Posterior Density Region (HPD) when they are
calculated on posterior distributions, as it is the case here. We

use the R package HDRCDE (Hyndman, 2018) to calculate those
HPDs. The resulting intervals and modes are given in the Tables 3
and 4.

Posterior checks. For the ABC, since we could not store the full
results of all simulations, we saved only the parameters used
together with the distance to the data. Keeping this information
for the 9 million simulations we ran for each model yielded about
1.7 TB of data. Thus, to check the adequacy between the simu-
lations selected through ABC and the observed distribution, we

Table 2 Corrected Bayes factor table for different
acceptance ratio

Model vs True vs False

Unbiased (1) 25.38 25.21
Conformist (2) 27.72 28.54
Top Threshold (3) 33.37 37.53
Top Alberto (4) 29.69 29.07

Fig. 2 ABC posterior probability estimations for several parameters—
invention rate μ, population size N, run time tstep and run-in time τ—of the
unbiased (random) copying model, when the model is fit to the cascade
size distributions of true (green) and false (red) tweets, respectively. The
grey curve represents the prior distributions for each parameters

Table 3 Mode and 95% interval of the High Posterior
Density region for the parameters of the unbiased model
with respect to the distribution of true tweets

Parameter mode 95% HDP

μ 2.48 × 10−4 [1.04 × 10−5; 0.12]
N 5532 [1050; 9579]
tstep 23 [5; 158]
τ 9 [2.7; 43]

Table 4 Mode and 95% interval of the high posterior density
region for the parameters of the unbiased model with
respect to the distribution of false tweets

Parameter mode 95% HDP

μ 1.226 × 10−3 [6 × 10−7; 2.6 × 10−2]
N 1528 [1091; 9599]
tstep 81 [32; 274]
τ 17 [8; 34]
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run a new set of simulations. For every model, we re-run
10,000 simulations, sampling the parameters from the selected
posteriors distributions, for both the posteriors obtained with true
as well as false messages. This is also often called posterior pre-
dictive check (Gelman and Hill, 2007).

We present the results of the new simulations as distributions
of cascade sizes. For a better visualization, we binned the cascades
with similar size within logarithmic bins. The High Density
Regions for all bins and models are represented in Figs 3 to 6. The
colored dots represent the data from Vosoughi et al. (2018). The
raw data (i.e., without the binning and the HDRs) are given in
Figs 4–7 of the supplementary material.

Figures 3–6 show how the respective models span a range of
size distributions of aggregated cascade sizes. In each case, the
simulation results are compared to the actual data of Vosoughi
et al. (2018), for both the true messages and the false messages.
The simulations and models fit well, except for underestimating
the sizes of the top four or five largest tweet cascades, in both false
and true categories (Figs 3–6). The models, particularly the
Unbiased (a.ka. random copying) model, otherwise predict the
rest of the distribution of cascade sizes, albeit with different
goodness of fit, which we consider below.

Discussion
In calibrating neutral model variations against distributions of
Twitter cascade sizes, we find that the Unbiased neutral model
applies well to re-tweeting activity, and better than models with
added conformity bias. Among our advances here is the use of
ABC to resolve the joint probability distribution of neutral model
variations (Kandler and Powell, 2018).

Here we have applied the same set of models to both data sets,
with the expectation that the different models, and the probability
distributions on the parameter values for each model, would
differ meaningfully between the false and true tweets. As Fig. 2
and Tables 1–4 show, we find that the Unbiased (and Top
Alberto) model fits the distribution of both true and false Tweets,
but the invention rate, μ, for the false Tweets (0.00123) is about
five times higher than for the true Tweets (0.00025).

The modal value of the invention rate, μ, returned from our
model runs was 0.00025 for the true tweets and 0.00123 for the
false tweets (Tables 3 and 4). These values agree well with

estimates we can make from the data from Vosoughi et al. (2018,
S2.3), which comprise 2448 different rumors re-tweeted about
4.5 M times, about two thirds of which (~3M) were re-tweeting
the 1699 false rumors and the other third (~ 1.5 M) re-tweeting
the 490 true rumors. This implies that about 0.00032 of the true
tweets and 0.00057 of the false tweets were original, both of which
are well within the High Posterior Density region for μ of the
respective models (Tables 3 and 4).

In our tests, the most important parameter was the invention
rate, μ, particularly in modelling the distribution of false tweet
cascades. Another important parameter was the transmission bias,
such that neutrality (β= 0) and positive-frequency bias (β > 0) can
be evaluated in terms of likelihood of explaining the data (Kandler
and Powell, 2018). The biased models performed worse than the
Unbiased (β= 0) model, as the biased models failed to generate
the largest cascades (Figs 3–6). This is not due to limits on
modelled population size; if it were, we would expect the posterior
distribution for N to be more right-skewed than it was. Indeed the
value of N had little effect on outcome (Supplementary material).

Replicating the largest cascades was a challenge for all models.
This suggests a few ways forward for future modifications. One is
to allow for interdependence between the distribution of true and
false messages, rather than as separate data sets, since real Twitter
users are exposed to both kind of messages. Another is to specify
the network of connections among agents (Lieberman et al., 2005;
Ormerod et al., 2012).

Heterogeneous networks may help resolve a discrepancy between
our findings—that conformist biases were unhelpful in modelling
Twitter data—and the highly-skewed nature of influence on social
media. In a recent study of social media (Grinberg et al., 2019),
“Only 1% of individuals accounted for 80% of fake news source
exposures, and 0.1% accounted for nearly 80% of fake news sources
shared.” This phenomenon is not unique to social media; in order
to fit the Neutral model to evolving English word frequencies over
300 years of books, Ruck et al. (2017) needed to assume that most
of the copying was directed to a relatively small corpus of books, or
“canon”, within the larger population of millions of books.

Testing such models will require more granular data, including
the content and word counts from tweeted messages, than we had
access to in this study. If counts of specific words through time are
available, then additional diagnostic signatures include both the
Zipf law of ranked word frequencies and turnover within “top y”

Fig. 3 Posterior check of distributions of aggregated cascade sizes for the Unbiased neutral model versus data from true rumors at left (in green) and false
rumors at right (in red). Each plot represents the percentage of rumors for which the accumulate number of RT falls within 18 bins of logarithmically
growing size. The frequency of rumors within each bin is represented by a colored dot for data set, versus the mode and High Density Regions for the
10,000 posterior checks of the model. The curve at the bottom of each plot shows the percentage of simulations where zero rumors felt within the given
bin. Note Figs 4–6 use this same format
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Fig. 5 Posterior check of distributions of aggregated cascade sizes for the Top Threshold model, versus the data for true rumors (in green) on the left and
false rumors (red) on the right. Plots were generated as described in the caption of Fig. 3

Fig. 6 Posterior check of distributions of aggregated cascade sizes for the Top Alberto model, versus the data for true rumors (in green) on the left and
false rumors (red) on the right. Plots were generated as described in the caption of Fig. 3

Fig. 4 Posterior check of distributions of aggregated cascade sizes for the Conformist model, versus the data for true rumors (in green) on the left and false
rumors (red) on the right. Plots were generated as described in the caption of Fig. 3
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lists of those words (Acerbi and Bentley, 2014; Bentley et al., 2007;
Ruck et al., 2017). While we opted for parsimony here, more
granular data would justify testing more complicated Neutral
model modifications, such as non-equilibrium assumptions
(Crema et al., 2016), variable “memory” (Bentley et al., 2011;
Gleeson et al., 2014) and isolation by distance effects (Bentley
et al., 2014).

For this study, we needed to assume messages had no intrinsic
payoff, i.e., Ui= 0 for all messages, i. This was necessary because
the additional parameters needed to represent heterogeneous
population of individual would require running on the order of
1014 simulations to explore the content under our ABC condi-
tions. In the future, we can use more advanced ABC algorithms
(Beaumont et al., 2009), which optimize the exploration of the
parameter space, to explore the content-bias model in Eq. 1. The
goal would be to estimate, for an assumed distribution of β and J
among the audience, the mean utility Ui from a source of tweets,
from the statistical patterns of the avalanches. Alternatively, we
might attempt to derive, for a given mean payoff Ui of the
source’s tweets, the full distribution of β and J across all the agents
in the source’s audience.

Conclusion
Here we have tested variations of culture-evolutionary neutral
models on aggregated Twitter data documenting the spread of
true and false information. We used Approximate Bayesian
Computation to resolve the full joint probability distribution of
models with different social learning biases, emphasizing context-
biased versus content-biased learning. Our study here begins to
address how online social learning dynamics can be modelled
through the tools of cultural evolutionary theory.

Data availability
The raw data used to calculate the distribution of cascades size and
aggregated size are available upon demand using the form:
https://docs.google.com/forms/d/e/
1FAIpQLSdVL9q8w3MG6myI4l8FI5X45SmnRzGoOEdBROe-
BoNni5IbfKw/viewform, The code used to generate the simulated
data is available as a R-package at: https://github.com/
simoncarrignon/spreadrt. Examples on how to use this code and
regenerate all the data used in this paper are provided with the
package.
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