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Man Bites Dog Contagion: How people get overexposed
to rare events in social networks
ALICE JANG and JESSE SHORE, Boston University

”When a dog bites a man, that is not news, because it happens so often. But if a man bites a
dog, that is news.”

- Journalistic aphorism, variously attributed

1. INTRODUCTION

People cannot directly observe all important aspects of the world and therefore inevitably rely on
information passed on by others. Thus, the ability for social networks to convey information accurately
is a requirement for effective collective intelligence outcomes, including informed voting for policies,
democratic representatives, or deciding on how to invest scarce resources. In this study, we present a
model that shows how rare events are over-transmitted and common events are under-transmitted to
people via social networks.

How information spreads in social networks has been studied in many empirical contexts includ-
ing spreading of words in marketing [Berger and Milkman 2012], risk information [Moussad et al.
2015], or even misinformation [Vosoughi et al. 2018]. Theoretically, there are two major streams of
information diffusion models with different micro-foundations to explain different spreading phenom-
ena. There are “simple contagion” models that explain the diffusion of gossip or diseases, which are
passed on probabilistically with a simple contact [Bailey et al. 1975]. “Complex contagion” models add
the mechanism of social reinforcement to the information diffusion process. Complex contagion models
explain the spreading of behaviors, urban legends, or social movements, which only passes on when
there are multiple sources confirming content [Centola and Macy 2007].

The contents that information diffusion models have explained are homogeneous in their contagious-
ness throughout the network: the rumor or disease spreads with a fixed probability across different
individuals. Behaviors, social movements, or innovations, on the other hand, are adopted more readily
with multiple exposures, but the intrinsic “infectiousness” remains the same.

In our work, we build on the intuition that a piece of information can be more or less interesting to
an individual depending on what s/he has been perviously exposed to. For example, when we read a
tweet about a recent airplane crash, which is an uncommon event, we treat it differently from when
we read about a car crash, because car crashes are very common occurances. We are more likely to
pass on information about the interesting (uncommon) type of event to our peers. Thus, in addition
to the attributes of the individual event, how frequently the class of event occurs also influences how
interesting people perceive the event to be. If we were to constantly hear about airplane crashes, then
any specific story of an airplane crash would be less interesting.

We propose an information diffusion model based on the frequencies of classes of events that may
help explain the often-observed phenomena that people over-estimate the prevalence of rare events and
underestimate the prevalence of common events in the news. We build the micro-foundation for this
model from psychology and information theory and examine how an individual’s selective sharing be-
havior affects others’ exposure to information in social networks. We call this phenomenon Man-Bites-
Dog Contagion (henceforth MBD Contagion). The micro-foundation is a function of both the content’s
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attributes and the individual’s exposure to the previous events of the same class. This micro-foundation
captures how people selectively attend to and share information about less common classes of events.
MBD Contagion explains why information about rare or unlikely events travel faster and deeper into
the social network [Vosoughi et al. 2018], by putting psychological processes in a mesoscopic network
context.

2. MBD CONTAGION

We first present the micro-foundation: the passing rule that individuals follow when they are exposed
to information about a class of event. We then apply the micro-foundation to different social network
structures. The simple micro-foundation, when aggregated in the social network leads people’s expo-
sure to different events to deviate from the true frequency distribution of events.

2.1 The micro-foundation of MBD Contagion

Empirically, surprising or unfamiliar information spreads faster and deeper at a large scale in social
networks [Vosoughi et al. 2018; Coscia 2015]. Here, we shift attention away from the intrinsic interest-
ingness of a piece of information and place our emphasis on people’s exposure to related information
that they have received from their peers. The micro-foundation of the model stems from the previous
findings and the psychological process that people go through when they are exposed to new informa-
tion. At the individual level, people are naturally prone to pay more attention to unusual information
[Itti and Baldi 2009] and pass on content that causes emotional arousal [Berger 2011]. People then
implicitly evaluate whether information is surprising [Teigen and Keren 2003], based on the events
that they have previously been exposed to. After they evaluate the surprisingness of the information,
they decide whether or not to pass on to their peers.

In this study, we use ’surprisal’ from Information Theory [Attneave 1959] to capture how people
assess the interestingness of a piece of information. The pass-on decision is estimated by surprisal,
hi(x) = log 1

pi(x)
, where pi(x) is determined by the individual’s prior exposure to events and x is an index

indicating a class of events. Common events are categorized with a small index. Then the probability
of passing on information is an increasing function of the surprisal of that event’s class, x. In other
words, the less likely events initially have a higher probability of being passed on with each exposure.

2.2 Being informed to be misinformed: Relative frequency deviation

We describe how MBD Contagion takes place at the network level. We divide individuals into two
types: those who directly observe events as they happen (”observers”) and those who read accounts of
those events, after they have been passed on by other people (”readers”). Observers have been exposed
to the true distribution of events, but readers have been exposed only to those events that observers
and other readers have passed on to them.

Social contagion of event information shifts people’s exposure frequency of events away from the
true frequency distribution of events. The observer passes on interesting events to the readers and
readers pass on the information that is interesting to them to their peers in the social network. We call
the deviation of individual’s event exposure frequency distribution from the true frequency of event
occurrences the “relative frequency”: the ratio of the readers subjective event frequency to the true
event frequency. If the relative frequency value is 1, the reader has an accurate estimate of the true
frequency of the event. If the relative frequency is over 1, say 5, it means the reader perceives the
event to be 5 times more frequent than it truly is, implying large overexposure to the event class.
Through simulation, we find MBD contagion causes people to be underexposed to the common events
and overexposed to the uncommon events.
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3. SIMULATION

We iterate a 10,000 time-step simulation 1000 times. There are 50 classes of events in the simulation,
event index 1 being the most common and 50 the least common. At each time step, an event occurs, and
the observer watches the event. Based on his prior knowledge, or what he has been exposed to (which,
for the observer, is the true distribution of events), he decides whether or not to report the event that
just occurred. If the event is informative or “newsworthy”, then he passes on information about the
event; the probability of passing is proportional to the surprisal of the event type. The least likely
event has a higher probability of being passed on as an account. In the case of the reader, once she is
exposed to the account about the event, produced by the observer, then she passes it to her peers with
a probability proportional to its surprisal, calculated with respect to her prior exposure distribution to
events.

Chain structure Relative frequency

Fig. 2: Relative frequency in chain structure

We report two main results from the simulation. The upper and lower boundary lines indicate the
95% and 5% quantile value from the 1000 iterations. The observer is drawn in black.

We examine social network structures, starting with a chain where there is one observer and three
readers. We see from 1b that as the information is shared down the chain, relative frequency or the
deviation from the true distribution increases, especially for the rare events. The third reader, who is
the furthest away from the observer, is exposed to event information that is far from the true distribu-
tion, believing that events of type 50 are occurring 6 times more frequently than they actually are. On
the other hand, the common events are perceived to be less frequent than they actually are.

From a simulation of a star network, we find that acquiring information from multiple direct ob-
servers of events actually worsens the problem of rare-event overexposure. The more observers one
gets information from, the greater the standard deviation of the relative frequency.

4. EXPERIMENTAL AND EMPIRICAL RESULTS

We are designing an online experiment to verify the behavioral mechanism and aggregate phenomenon.
We will also conduct descriptive analysis on social media data to demonstrate the empirical importance
of MBD contagion. The experimental and empirical results in progress will be presented.
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