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Abstract
Interpersonal networks and traditional mass media are more intertwined than ever
as evidenced by the proliferation of social media. However, it remains unclear how
the interplay between the two shapes the way individuals monitor opinion climates,
which play a critical role in public opinion dynamics. Using an agent-based modeling
(ABM) approach, this study aims to explore the conditions under which social
networks and mass media interact to facilitate or hinder the emergence of large-scale
spirals of silence. The simulation results show that the spiral of silence in a networked
environment may be locally observable, but not likely on a global scale—unless the
opinion representation of mass media becomes extremely homogeneous, individuals
are hyperconnected, or both, the majority-minority opinion gap found locally seldom
escalates to the global silence of the minority.
Keywords
social media, social networks, public opinion formation, mass media

The image of public opinion has long been described in a polarized fashion, as either
a manifestation of mass media influence (Lippmann, 1922) or a mere aggregate of
“individual, personally derived opinions” (Back, 1988, p. 279). This oscillation
between opposites is, however, increasingly inappropriate as the interpersonal realms
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of individuals and the mass media, such as traditional news media, become more intertwined than ever due to the proliferation of social media. The advent of such a complex, networked communication environment redraws our attention to the very nature
and processes of public opinion—how social networks of various types facilitate or
impede the influence process of mass media1 (Chaffee, 1982; Hoffman, Glynn, Huge,
Sietman, & Thomson, 2007; Southwell & Yzer, 2007). Of particular relevance to this
issue among conventional communication theories is the Spiral of Silence (NoelleNeumann, 1974).
The spiral of silence theory posits that individuals tend to avoid voicing a minority
opinion publicly, due primarily to a fear of isolation (Neuwirth, Frederick, & Mayo,
2007), which propels “a self-reinforcing spiral of silence” (Lang & Lang, 2012, p.
370). Although criticized for its undue emphasis on fear of isolation (Lasorsa, 1991)
or being an oversimplified account of public opinion processes (Katz & Fialkoff,
2017; Scheufele & Moy, 2000), research efforts have been persistently devoted to testing its major theoretical claims, particularly whether people whose opinions appear in
the minority do indeed tend to remain silent (for a review, see Glynn & Huge, 2014;
Matthes, Knoll, & Sikorski, 2018; Scheufele, 2008; Shanahan, Glynn, & Hayes, 2007).
Confirming the psychological tendency of avoiding social awkwardness or sanctions
alone, however, cannot be a sufficient explanation for the spiral of silence, which is
essentially a dynamic social process that emerges from the efforts of individuals monitoring opinion climates across contexts and times (Matthes, 2015; Sohn & Geidner,
2016).
Scholars have long noted that people acquire information regarding opinion climates not just from the mass media but also from reference groups or social neighbors
(Glynn & Park, 1997; Hoffman, 2013; Hoffman et al., 2007; Mutz & Martin, 2001;
Oshagan, 1997; Southwell & Yzer, 2007). In a social media environment where individuals’ interpersonal networks are greatly expanded, the meaning of neighbors is no
longer confined to a group of people geographically and socially proximate but
includes a much wider range of individuals sharing less in common. This then raises
the question of whether such an expansion of the social neighborhood would make the
spiral of silence more (or less) likely. It has indeed been found that the larger, on average, the size of an individual’s social network, the more likely spiraling might occur
on a global scale (Sohn & Geidner, 2016). Some studies report that people are less
willing to express their minority opinions in social media than in face-to-face settings
(Gearhart & Zhang, 2015; Hampton et al., 2014).
If a large-scale spiral of silence should be more likely in an expanded communication network as found in social media, will it become even more likely if there were “a
universally accessible information source or aggregator” (Sohn & Geidner, 2016,
p. 39) similar to traditional news media? Perhaps due to this belief, the majority of
prior studies have been heavily oriented toward mass media (e.g., McDonald, Glynn,
Kim, & Ostman, 2001; Neuwirth et al., 2007; Noelle-Neumann, 1993), even equating
the spiral of silence to a theory of media effects (McQuail, 2014; Scheufele, 2008).
Slater (2007), however, pointed out that such strong media effects on the spiral of
silence should be more observable in a closed system characterized by “a uniformly
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hostile media environment and a lack of competing alternative media” (p. 296). In an
open system akin to contemporary society, in contrast, the opinions advocated by the
mass media (media opinions hereafter) might not be singular, but plural, so that individuals are exposed to multiple sources of media providing inconsistent, often contradictory, viewpoints (Mutz & Martin, 2001). As media consonance is not a dichotomy,
but on a continuum, of course, it is an open question how much consonance in media
is required for a strong spiral effect to occur.
Furthermore, increased diversity of media opinions alone might not entirely negate
the possibility of the spiral of silence. The influence of mass media, whether singular
or plural, might sometimes be substituted or offset by an individual’s social references.
Studies have found that people often rely more on the opinions of their peers than the
mass media to gauge the opinion climate (e.g., McDonald et al., 2001; Moy, Domke,
& Stamm, 2001; Oshagan, 1997; Scheufele, Shanahan, & Lee, 2001). Interpersonal
discussion has also been found to exert a greater influence on voter choice than the
mass media (Beck, Dalton, Greene, & Huckfeldt, 2002). If individuals belong to a
large social network that enables them to reach and interact with socially distant others, their opinions are more likely to eventually converge to the larger mainstream like
downward spirals or opinion polarization despite being exposed to diversity in media
opinions (Dvir-Gvirsman, Garrett & Tsfati, 2018; Knobloch-Westerwick & Johnson,
2014; Mutz, 2006; Song & Boomgaarden, 2017).
Such possibilities suggest that the unfolding dynamics of the spiral of silence in
social media might be far more complex and unpredictable than previously thought,
which requires examining how a number of individuals, locally connected and distributed globally, interact with their immediate social environments as well as diverse
media opinions. However, it would be extremely cumbersome to do so within a traditional variable-based approach, as it is hard to track the complex social dynamics of
numerous individuals over time (Axelrod, 1997; Macy & Willer, 2002; Miller & Page,
2007). An alternative computational method that provides a way to observe a large
number of distributed actors’ interactions over time in a simulated environment is
agent-based modeling (ABM; Page, 2015; Smith & Conrey, 2007).2 ABM is particularly suited for experimenting with a variety of statistical and topological distributions
of agents and their characteristics from which various macroscopic patterns and regularities, such as public opinion, the spread of fads, or disease, emerge (Epstein, 2007).
Using ABM, this study aims to explore various conditions under which social networks and mass media interact to facilitate or hinder the emergence of a large-scale
spiral of silence.

Perspectives on the Interplay Between Social Networks
and Mass Media
The idea that the influence of mass media might not always be direct but is somehow
mitigated by interpersonal communication is not new but foundational to communication research. A classic, influential approach is to portray interpersonal communication as a mediating process for information originating from mass media, as exemplified
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in the multistep flow of communication (Katz & Lazarsfeld, 1955) and the communication mediation model (Shah et al., 2007). This mediation perspective has turned out to
be particularly suitable for studying the contagion process as shown in the susceptibleinfected-recovered (SIR) model (Kermack & McKendrick, 1927) or the diffusion of
innovation (Rogers, 2003; Valente, 1995). From this perspective, extensive research
efforts have been concentrated on describing the underlying connection structures (to
determine the patterns of communication) as well as identifying influential players,
namely, the opinion leaders.
The role of interpersonal communication can, however, go beyond that of an intermediate conduit because sometimes individuals actively engage by filtering information to deal with the cognitive load and/or social tension (Eveland, 2004; Hoffman
et al., 2007).3 Following Chaffee’s (1982) seminal discussion, for example, Coleman
(1993), using data from New York State residents, found that an individual’s healthrelated risk judgments are influenced by interpersonal communication as well as the
mass media, sometimes in a substitutive fashion. Druckman (2004) showed that interpersonal communication can prime alternative criteria for evaluating a focal issue,
which might eventually undermine the influence of mass media. Furthermore, it is
suggested that the way an individual processes media-based information depends on
his or her motivation and prior knowledge structures, which have been developed
through interpersonal conversations (Hardy & Scheufele, 2005). In a similar vein, Lee
(2009) found that the influence of mass media on health-related behaviors was greater
for those engaging less in interpersonal conversations.
Such a filtering or moderation process is not limited to the psychological dimension. In studies of social networks, Granovetter (1973) theorized that the stronger the
social ties, the more likely a network becomes closed (i.e., triadic closure) or clustered
(i.e., a person’s two close friends are likely to be friends themselves). In turn, this
implies that individuals in a highly clustered network are likely to be strongly tied to
one another, leading to sharing similar information and opinions (Burt, 1995). In the
reinforcing spirals model (RSM; Slater, 2007), it was also proposed that individuals in
a closed community or network are more likely to selectively attend to messages and/
or media outlets congruent to their communal identity. Consistent with these theoretical propositions, resistance to persuasion was indeed found to be greater when the
members of a network hold congruent rather than incongruent prior attitudes (Neiheisel
& Niebler, 2015; Visser & Mirabile, 2004). In a similar vein, local network density or
clustering in social media was found to partly determine how far cross-ideological
messages could be diffused (Liang, 2018).
Overall, this suggests that the influence of mass media might partly be a function of
the extent to which the individuals in a network are internally clustered: People in
highly clustered networks are likely to develop mutually congruent attitudes as they
are insulated from outside influences like mass media. In contrast, membership in less
clustered networks where few closed triads exist means that individuals are likely to
be connected with socially distant others, thereby facilitating exposure to novel,
media-based information. This might particularly be the case when the sizes of interpersonal networks increase as in social media because larger networks are likely to
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contain weaker ties (Eveland, Hutchens, & Morey, 2013) and hence more divergent
views (Huckfeldt, Mendez, & Osborn, 2004).

Mass Media Influence on Opinion Climate Perceptions
Evidently missing in the discussion thus far is the very component or process to be
moderated by social networks—how mass media affect an individual’s opinion climate perceptions, namely, quasi-statistical senses (Noelle-Neumann, 1974). It has
long been acknowledged in psychology that people perceive their social environments
through schematic categorization (e.g., good vs. evil, us vs. them) to reduce complexity in reality (Fiske & Taylor, 2013). Quasi-statistical senses of public opinion are
largely equivalent to individuals’ proportional comparisons of such schematic categories (e.g., majority vs. minority), which are not always reflexive of the actual distribution of opinions in a larger collective (Scheufele & Moy, 2000). The gap between the
two (i.e., error in perception), which occurs due primarily to individuals’ cognitive
biases in probabilistic judgment (Kahneman & Tversky, 1979) as well as bounded
scopes of opinion monitoring (Sohn & Geidner, 2016), turns out a crucial determinant
of the spiral of silence phenomenon.
With small errors, meaning that individuals’ perception of whether they are in the
minority is largely accurate, the spiral of silence likely manifests itself; otherwise, different patterns including dual climates of opinions (Noelle-Neumann, 1993) might
arise. The error-proneness of quasi-statistical senses may be correlated with varying
conceptions of generalized others (Glynn & Park, 1997), largely formed at the intersection of three classes of factors (Hoffman et al., 2007; Price & Roberts, 1987). These
factors are the observer’s intrapersonal states, including a prior attitude for an issue of
controversy and the fear of isolation (Hayes, Matthes, & Eveland, 2013); reference
groups/social networks (Dalisay, Hmielowski, Kushin, & Yamamoto, 2012; Glynn &
Park, 1997); and exposure to media outlets (Hoffman, 2013).
Conceivably, individual attitudes and the local opinion climates encountered
through social networks might not always coincide with what is represented in mass
media (Lang & Lang, 2012; Noelle-Neumann, 1993). If people are exposed to attitudinally congruent media, they may take this mistakenly as an indicator that there are
more individuals holding similar opinions outside of a local network. This false consensus effect (Ross, Greene, & House, 1977), a phenomenon where people tend to
wrongly believe the majority agrees with them when the majority actually disagrees,
has been widely documented in the literature. That is, being exposed to attitudinally
congruent media might lead to “a false impression of public consensus” (DvirGvirsman et al., 2018, p. 115), making individuals more resistant to social pressure,
especially when they are a local minority. As such, overestimating the congruent proportion in generalized others might in turn elevate their likelihood to speak out (DvirGvirsman et al., 2018; Wang, Guo, & Shen, 2011).
If people are exposed to attitudinally incongruent media, in contrast, they might
think that there are fewer people with congruent opinions outside of their local
network, causing them to underestimate its proportion in the opinion climate. This
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phenomenon has also been documented as pluralistic ignorance (Centola, Willer,
& Macy, 2005; Katz & Allport, 1931), meaning that people tend to wrongly believe
that the majority disapproves of their private opinions when the majority actually
supports them. This is in contravention to the false consensus effect where people
incorrectly assume that the majority supports a norm or opinion that they privately
disagree with when it is not actually the case. In other words, being exposed to
attitudinally incongruent media might cause individuals to underestimate the proportion of congruent people in the general population, lowering their likelihood of
speaking out even when they are a local majority (Wojcieszak, 2008; Wojcieszak &
Rojas, 2011).
According to the previous findings mentioned above, the effects of attitude-media
congruency may, in turn, vary depending on an individual’s degree of attachment to
or embeddedness into local networks. That is, people surrounded by highly clustered
networks (i.e., close-knit networks) may tend to be influenced less by media-based
information regardless of its attitude congruency, and instead more by information
with local origins with regard to judging the opinion climate (McDonald et al., 2001;
Moy et al., 2001). In contrast, those in networks with less clustering (i.e., openradial networks) may be more relatively attuned to information originating from
non-interpersonal sources like mass media. Hence, we may postulate that the degree
of network clustering is inversely related to the decision weight put on media-based
information.
In summary, the congruency between individual attitudes and media opinion may
determine the direction of media influence—whether the media undermines or reinforces perception of the opinion climate. In turn, the degree of network clustering may
affect the intensity of media influence, the extent to which the media discounts or augments one’s perception of the local opinion climate. Taken together, we may postulate
that the unfolding dynamics of the spiral of silence depend on the types of opinion
climate that individuals encounter, which is the joint function of how the social networks surrounding individuals and media opinions are distributed in a social system.
Given the discussion thus far, the research questions are as follows:
Research question 1 (RQ1): What are the relationships between the structural
properties of social networks and the likelihood of a spiral of silence?
Research question 2 (RQ2): How does the distribution of media opinions interact
with social networks to differentiate the likelihood of a large-scale spiral of silence?

Model Development and Simulation Settings
A Model of Attitude Change and Opinion Expression
Unlike the top-down approach of abstracting attributes or characteristics in common
as variables, ABM is characterized by a bottom-up approach that starts with setting up
the rules individual actors follow to interact with others to examine what macroscopic
patterns arise from micro-level interactions (Miller & Page, 2007; Page, 2015). Let us
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first start with modeling individual attitudes—what it consists of and how it changes.
Imagine a society populated by N individuals who hold attitudes, denoted by A, toward
a controversial issue, such as the legalization of same-sex marriage. Some may advocate it, whereas others oppose it with varying degrees of intensity. A person i’s attitude
is conceived as a product of two elements, valence (vi) and confidence (ci ), where vi is
a dichotomous variable having either +1 or −1, and ci is a continuous vector with real
values in the range of [0, 1] (i.e., Ai = vi ⋅ ci ). That is, valence indicates the direction of
the attitude, whereas confidence is a mathematical weight representing the attitude’s
intensity.
Attitudes are not formed in a social vacuum but subject to social influences including the attitudes of others. It has been widely documented that people observe what
others say or do to form their attitudes for either informative or normative reasons or
both (for a review, see Cialdini & Goldstein, 2004; Sassenberg & Jonas, 2007).
Decades of persuasion research has also revealed that important psychological mechanisms, such as reinforcement and/or dissonance reduction, underlie attitude change
(Visser & Cooper, 2007). Depending on one’s prior attitude, the opinions of others
may be taken as a reinforcement or cause discomfort, making the attitude confidence
change accordingly. This suggests that one’s present attitude might be modeled as an
iterated function of two major components, a prior attitude and external social influences at the moment. Thus, a person i’s attitude at time t can be expressed as follows:
Ai (t ) = f { Ai (t − 1), Oi ⋅ ∆I i (t )}

(1)

where Ai (t ) denotes i’s attitude at time t , Oi stands for i’s direction of attitude (i.e., +1
or −1), such as either agreeing or disagreeing with legalizing abortion, and ∆Ii(t)
denotes the differential impact of the local social environment between t and t −1 (i.e.,
∆I i (t ) = I i (t ) − I i (t − 1) ). Here, it is modeled as an additive process, such that the differential impact of the opinion climate at t (i.e., ∆Ii(t)) is summed to a prior attitude at
t −1, with the assumption that one’s prior attitude is not correlated with the impact of
the opinion climates encountered.4 If the direction of the differential opinion climate
impact is consistent with one’s opinion (i.e., both are positive or negative), this view
will get stronger in an absolute sense; otherwise, it will get weaker.
The opinion climate impact I is modeled as the logistic function of the proportional
difference between the attitudinally congruent and incongruent opinions observed in a
local social network, denoted by δ (for similar examples, see Ross et al., 2019; Sohn
& Geidner, 2016; Song & Boomgaarden, 2017). Logistic function assumes non-monotonic change, in which the initial high rate of change gradually decreases to approach
the limit asymptotically, which is in line with prior research findings that it requires
more for the opinion climate to further influence those already affected (Matthes,
Morrison, & Schemer, 2010; Nowak, Szamrej, & Latane, 1990). To delimit the opinion climate impact I in the range of [0, 1] to contain attitudes within a predetermined
range, [−2, 2], throughout the simulation, the original logistic model was rearranged as
follows5:

146

Communication Research 49(1)

(

)

l
(2)
2
If the opinions congruent and incongruent in the local networks have equal proportions (i.e., 50:50), δ becomes 0. Therefore, no further change is made to attitudes;
otherwise, it deviates from 0.6 Note that people respond to incremental changes in
social environments as opposed to the environment as a whole. If a local opinion climate remains unchanged over time, there is no further change to attitudes. Once the
impact reaches its maximum, no further increase will be made as only the differential
impact is added to the running total of a person’s attitude. Finally, the propensity to
express opinions should differ across individuals—some might readily speak out,
whereas others do more self-censoring (Hayes, Glynn, & Shanahan, 2005). Following
Sohn and Geidner (2016), each individual is assumed to have a constant threshold for
expressing own opinion, uniformly distributed, ϕ ~ U (0, 2).7 Thus, a person expresses
his or her own opinion outward if the attitude’s absolute value exceeds own expression
threshold as follows:
 1,
if Ai ( t ) > ϕi

(3)
Pr ( expression )i = 
if Ai ( t ) ≤ ϕi
0,
I i (t ) = l * 1 + e − δ (t )
i

−1

−

Modeling Media Influence on Opinion Climate Perception
Besides the influence of local social networks, we also need to consider how mass
media interact with social networks to influence individual attitudes. Here, we limit
our discussion to the influence of mass media on an individual’s quasi-statistical
senses or perceptions of the opinion climates. The proportional difference between the
attitudinally congruent and incongruent other neighbors in a person i’s local social
network at time t is expressed as follows:
 ns (t ) ⋅ ω − no (t )
,

δi (t ) =  ns (t ) ⋅ ω + no (t )
0,


if ns (t ) + no (t ) > 0

(4)

if ns (t ) + no (t ) = 0

where ns (t ) and no (t ) denote, respectively, the number of congruent and incongruent
opinions observed in a local social network at t , and ω is the weight reflecting media
influence. As the susceptibility to media influence may vary across individuals and
situations, each person is assumed to have a degree of media dependency, m, in the
range of [0, 1]. Therefore, the dependency on a local opinion climate is 1− m. If a person’s m is 0.7 (i.e., 70% dependence on media), for example, his or her local dependency is 0.3. Then, the media influence weight ω is modeled to vary depending on the
level of media dependency: For congruent media exposure, the media weight is equal
to or greater than 1, inflating the proportion of congruent others up to two times
depending on the degree of media dependency (i.e., ω = 1 + m), whereas for incongruent media exposure, the media weight is equal to the local dependency (i.e., ω = 1 − m),
depreciating the proportion of congruent others.
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As discussed before, the degree of embeddedness into local social networks can
affect a person’s media dependency. A person belonging to a network in which members are strongly tied to one another might have a greater dependency on the local
opinion climate by relying less on media-based information. This possibility suggests
that m might change depending on the properties of the social networks that individuals are a part of. Among the many indicators of the structural properties, the local
clustering coefficient, CL ∈ [ 0,1] , is known to be positively correlated with tie strength
(Granovetter, 1973; Watts & Strogatz, 1998) and a tightly knit group, often regarded
as “closed” in contrast to “open/radial” networks (Valente, 1995). Thus, individuals in
closed networks might be assumed to be relatively less dependent on media, whereas
those in open or radial networks are more receptive to media-based information. That
is, a person’s media dependency is inversely related to the degree to which a network
is locally clustered, such that each person’s media dependency m can be expressed as
1− CL , meaning that the more locally clustered, the smaller m gets. Therefore, the
media influence weight ω comes close to 1.

Simulation Settings
Studies have found that a variety of networks including the Internet, scholarly collaboration networks, and even metabolic networks follow a particular distribution of connections, often referred to as long-tail or scale-free distribution (Watts, 2004). A
network of people one has known and been in touch with for a long period of time is
likely to show a highly skewed, scale-free like distribution (Newman, Strogatz, &
Watts, 2001). This, however, might not be the case for the regular networks we see
around, which normally consist of family members, friends, colleagues, and neighbors
who can provide help and support. Even if social media has generally expanded the
range of interpersonal reach, studies show that the estimated sizes of regular networks
range from 10 to 60, typically around 12 to 20, with people discussing important matters with less than 10 others (Rolfe, 2014). As not all in social networks express opinions all the time, the opinion climates one normally encounters are likely to be much
smaller than the networks themselves. The degree of distribution for such regular networks, in general, is found to be well approximated by a slightly right-skewed normal,
rather than exponential, distribution (Newman et al., 2001; Rolfe, 2014).8
Hamill and Gilbert (2009, 2010) suggested a procedure to create networks that better approximate such regular social environments for ABM. First, a person’s range of
social reach is defined as the circular area with the radius p given, and then individuals
are, within their social reach, allowed to tie only with others whose social reach is
greater than or equal to their own (Figure 1). That is, only two individuals who can
reciprocate are connected, the degree of which is well approximated with a Poisson
distribution (Hermann, Bathélemy, & Provero, 2003). Then, a portion (e.g., 20%) of
the population is assigned a larger social reach than the rest to make the distribution
slightly right-skewed as found in prior studies (Newman et al., 2001). Table 1 shows
that the networks generated as such have the known properties of regular social networks, including average sizes of around 13 to 60, relatively lower network density,
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Figure 1. Examples of a simulated network: (a)social reach = 8 (mean network
size = 13.38) and (b) social reach = 16 (mean network size = 46.26).
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Table 1. Social Reach and the Properties of Networks Generated.
Social reach
8
10
12
14
16
18
20

Network
size (SD)
13.38 (0.16)
20.02 (0.19)
27.41 (0.23)
36.36 (0.26)
46.26 (0.30)
57.34 (0.32)
69.91 (0.36)

Network
density (%)
0.67
1.0
1.37
1.82
2.32
2.87
3.50

Global
clustering (%)

Average
path length

51.2
53.4
54.6
55.5
56.0
56.4
56.7

10
5.13
4.5
4.04
3.66
3.35
3.1

Note. The numbers reported are the averages from 50 replications of the respective level of social reach.

shorter path length (i.e., a small-world effect), and higher clustering than others
(Hamill & Gilbert, 2009; Rolfe, 2014).
Social networks are not static but change in size and composition over time
(Hamill & Gilbert, 2010; Lazer, Rubineau, Chetkovich, Katz, & Neblo, 2010). Some
drift away, whereas others join in. To incorporate this possibility, namely, social
shifters, a randomly chosen 5% of the population is allowed to move in space (i.e.,
choose a random direction of 360° and move a step; Hamill & Gilbert, 2010).
Besides social networks, mass media in current simulations are modeled as an environmental variable using patches, building blocks of a two-dimensional grid. For
each simulation run, a predetermined portion of patches over the grid (i.e., media
coverage of the population) is randomly chosen so that the agents in those patches
each time are exposed to media opinions. Furthermore, the diversity of media opinions was parameterized as a proportional ratio between two competing viewpoints,
ranging from 100:0 (i.e., unanimity or maximal homogeneity) to 50:50 (i.e., equal
split or maximal heterogeneity).
The simulation begins with individual agents (N = 1,000) distributed and networked over a 70 × 70, two-dimensional, unbounded grid constructed with a programmable environment for ABM, NetLogo version 6.0.4 (Wilensky, 1999).9
All agents with randomly assigned initial attitudes and the expression thresholds ϕ
observe the opinion climates within their social networks and media opinions, if any,
and decide whether to express own opinions outward at each point in time. This procedure is repeated 200 times for each simulation run. Each simulation run is again
replicated 50 times for each combination of parameters (i.e., Social Reach × Media
Coverage × Media Opinion Diversity) by assigning different random seeds to account
for the stochastic nature of simulations.

Simulation Results
A global sensitivity analysis (Thiele, Kurth, & Grimm, 2014) was first conducted to
check the sensitivity of simulation outputs to changes not only in the three main input
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Table 2. Global Sensitivity Analysis Results.

Social reach (SR)
Media coverage (MC)
Media opinion ratio (MR)
Prop. connectors (PC)
Social shift (SS)
SR × MC
MC × MR
SR × MR
MC × SS
SR × SS
MR × PC
MC × PC
SR × PC
SR × MC × MR
SR × MC × SS
MC × MR × PC
SR × MC × PC

Estimate

β

SE

t value

3.17
−0.06
0.32
0.44
0.02
0.14
0.27
0.70
−0.00
−0.00
−0.07
0.02
−0.01
−0.10
0.00
−0.02
0.00

0.54
−0.02
0.00
0.10
0.03
0.02
0.09
0.00
−0.00
−0.00
−0.01
0.01
−0.00
−0.02
0.00
−0.00
0.00

1.15
0.98
11.73
0.75
0.06
0.05
0.55
0.56
0.00
0.00
0.42
0.04
0.03
0.03
0.00
0.02
0.00

2.76*
0.06
0.03
0.59
0.37
2.56*
0.49
1.26
0.55
0.15
0.17
0.58
0.22
3.59**
1.62
1.09
1.39

Note. The global sensitivity analysis shown above was conducted through a linear regression procedure,
which tests only how sensitive the focal dependent variable (e.g., averaged majority-minority opinion gap)
is to the change (e.g., ±50%) in the values of the independent variables and their interactions.
*p < .05. **p < .01; Multiple R2 = .98, Adjusted R2 = .96; F(17, 14) = 50.13, p < .000.

parameters but also two additional parameters: the proportions of social shifters (i.e.,
agents allowed to move on the grid) and connectors (i.e., agents with greater ranges of
social reach). The values of the parameters were varied ±50% of the criterion values
(e.g., 5% social shifters and 20% connectors), yielding 32 conditions (i.e., 2k conditions for k parameters) for comparison. Table 2 summarizes the results. All the main
and interaction effects involving the proportions of social shifters and connectors on
the outputs were statistically insignificant, meaning the simulations were robust or
relatively insensitive to changes in the parameters. Among the three main inputs, only
the range of social reach had significant main effects, B = 3.17(1.15), p < .05. Although
no main effects of media coverage and media opinion diversity were found, their interactions with social reach were statistically significant for the two-way interaction
effects between social reach and media coverage, B = 0.14(.05), p < .05 , and threeway interactions between all of them, B = −0.10(.03), p < .01. In accordance with the
initial expectations, the sensitivity analysis results affirm that the simulation outputs
varied relatively more by the three main input parameters than the others.
To examine the relationships further, four prototypical conditions were compared
as summarized in Table 3. The “baseline” model, in which only the network size was
varied with no mass media influence, appears to have largely replicated the previously
found patterns in Sohn and Geidner (2016) (see Figure 2).10 The growth of an opinion
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Table 3. Summary of the Simulation Models.
Baseline
Population
Simulation length (i.e., time steps)
Range of social reach
Social shift
Mass media influence
Media coverage
Media opinion diversity

1,000
200
8-20
5%
None
0%
N/A

Model I

Model II

Model III

1,000
1,000
1,000
200
200
200
8-20
8-20
8-20
5%
5%
5%
Present
Present
Present
0%-30%
0%-30%
0%-30%
Unanimous (100:0) Uneven (70:30) Split (50:50)

Figure 2. Temporal development of the majority-minority opinion gap (by social reach with
no media exposure).
Note. The dark solid dots represent the averaged majority-minority opinion gap across times. The light
gray areas are the standard errors. The trend lines show the opinion gap development patterns from
social reach = 8 at the bottom through 20 at the top with an increment of 2.
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Figure 3. Opinion gap growth patterns: Social Reach × Media Coverage × Media Opinion
Diversity.

Note. This graph shows the scatterplots and trend lines between the social reach and majority-minority
opinion gap for four conditions in media opinion diversity. From the top left, baseline (i.e., no media
influence), Model I (i.e., unanimity in media opinions), Model II (i.e., uneven opinion ratios), and Model III
(i.e., equal splits).

gap follows a concave pattern with a decreasing marginal return as if there were upper
limits. In Model I, the mass media representing only one side of the competing opinions unanimously were introduced, meaning that everyone whose opinion is different
from the opinion advocated by the media would never encounter attitudinally congruent ones. In Model II, there is a clear majority (e.g., 70:30), meaning that individuals
are exposed to either side of the media opinion 70% and 30% of the time. In Model III,
media opinions were split into equal halves (i.e., 50:50), letting individuals be exposed
equally to both attitudinally congruent and incongruent media. Figure 3 illustrates the
scatterplots and trend lines for the baseline (with no media) and three models (with
30% media coverage).
The trend line in the baseline model shows a relatively moderate increase in the
opinion gap along the horizontal axis (i.e., the range of social reach). When the
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media advocating one side of the opinions were introduced unilaterally (i.e., Model
I), interestingly, the opinion gap became larger even when the social networks were
quite small and constrained. The gap also became larger at an accelerating rate
when the networks increased in size and were thus more clustered. This implies, as
speculated in prior research (Noelle-Neumann, 1993; Scheufele, 2008; Sohn &
Geidner, 2016), that the presence of mass media with a unanimous voice might
make the spiral of silence relatively more probable, not only when the social networks were smaller/fragmented but also even when they were larger and more
clustered.
In modern democratic societies, however, we normally see that multiple media
illuminate differently, sometimes in a directly competitive manner, the facets of an
identical fact or event of interest depending on the frames or ideologies they embrace.
What if the media were split exactly in half for a controversial issue? The fourth graph
in Figure 3 (bottom right) illustrates this scenario (Model III). When media were
halved equally into two competing sides, the opinion gap turned out not to grow much
as individuals’ social networks were enlarged, like the baseline model with slightly
more variability. This result should not be taken as too surprising, however, because
polarization in media opinions might have led to canceling out the changes they caused
in public opinion, almost nullifying the media influence.
The third graph of Figure 3 (bottom left), however, reveals an interesting
result. What was originally expected from this scenario was the intermediate
pattern somewhere between those of Models I and III. However, the outcomes
did not seem to be very different from those of the baseline and Model III. Why
should this be the case even when a clear majority of the media advocate one
side of the opinions? Upon speculation, this might be partly because the gap in
the proportion in this scenario (70 to 30 = 40%) was not large enough compared
with that of Model I (i.e., a 100% difference). It implies the possibility that the
effects of media opinion diversity on the spiral of silence may be nonlinear—the
incremental effects may remain minimal unless the media were extremely onesided (e.g., 100:0).
To examine this further, contour plots were drawn, illustrating the relationships
among the three variables—social reach, media coverage, and the majority-minority
opinion gap—on a two-dimensional plane across 11 different facets of the media opinion ratio (Figure 4). In a contour plot, a surface or region with the same color represents the same level of the dependent variable, here the opinion gap. The top left graph
(i.e., the opinion ratio is ~100:0) shows that the colors of the curved regions get darker
along both the horizontal and vertical axes, suggesting interactions between the media
coverage and the degree of social reach. This illustrates that, like Figure 3, the majority-minority opinion gap may become greater as an individual’s social networks are
enlarged, which would increase even further as the coverage of media with a unanimous voice increases.
In the second graph at the top (i.e., the opinion ratio is ~91:9), the pattern still looks
like the first one. It dissipates fast as the media opinion ratio deviates from the extreme
state. Even in the third one at the top row (i.e., the opinion ratio is ~83:17), the colored
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Figure 4. Contour plot (Social Reach × Media Coverage).

Note. This is a contour plot showing the relationships between the three variables (i.e., x = social reach,
y = media coverage, z = the average majority-minority opinion gap as a percentage of the population)
on a two-dimensional plane. The darker the color gradient, the greater the majority-minority opinion
gap. Each facet shows the relationship across the 11 different conditions of media opinion diversity,
starting from complete unanimity (upper left) through a complete split (bottom right).

regions start to be aligned vertically, and the darker regions are concentrated to the
right, indicating that an opinion gap changes only according to the change in the
degree of social reach, not the coverage of media (i.e., the y axis). This pattern becomes
clearer and continues as the media opinion ratio moves close to the equal split condition. This nonlinear pattern seems to support previous speculation, which suggests that
the effects of media on the spiral of silence may almost disappear unless their extremely
one-sided representation of opinions is maintained. Mass media may play a critical
role in the unfolding dynamics of the spiral of silence particularly when their voices
are unanimous or extremely homogeneous. This might, however, not be the case if
there are alternative, competing media voices even if relatively few could hear them.
This affirms the view that “spirals of silence do occur but only when the circumstances
are conducive” (Lang & Lang, 2012, p. 373).
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Discussion and Implications
The current simulation results illuminate the view that mass media and social networks interact in a complementary way: A consonant media environment might propel
the process of the spiral of silence when individuals are confined to relatively smaller
networks as duly noted in the previous literature (Moy & Hussain, 2014; Slater, 2007),
or enlarging interpersonal networks, via social media for example, that may compensate for the nonexistence of such a consonant media influence (Sohn & Geidner, 2016).
Interestingly, even when the great majority of media (e.g., ≥80%) supported one side
of the competing opinions, the mass media seldom became the driving force of the
spiral of silence. This means that whenever there is an alternative voice representing a
minority viewpoint, the overall impact of mass media on the spiral of silence process
is substantially diminished, almost to none.
This has a striking resemblance to the patterns found in Asch’s (1955) classic conformity experiments where the presence of a single dissenter almost nullifies the
majority influence. Although Asch’s finding is mostly interpreted as resulting from the
dissipation of group normative pressure (Noelle-Neumann, 1993), no normative component with respect to mass media was incorporated in the current simulations. Then,
why should there be such parallel findings between laboratory experiments and computer simulations? This may appear coincidental but reminds us of an important fact—
the opinion distributions, whether in a laboratory or simulated society, are in essence
the aggregate patterns of information. As Schelling (1978) wrote, “People are responding to an environment . . ., which consists of people responding to an environment of
people’s responses” (p. 14). In such arrays of distributed interactions, what people
encounter is not just normative pressures, but the stochastic distribution of information
arising from the choices of others.
With no consideration of a normative component, the rapid, nonlinear change in
media influence may be explained using the concept of information entropy, which
refers to the degree of uncertainty resulting from the stochastic nature of the environment (Shannon, 1948). Information entropy is formally expressed as follows:
n

H = −K

∑ p log
i

2

pi

(5)

i =1

where pi is the probability of an outcome i, and K is the constant reflecting the characteristics of a system of interest. The media exposures were modeled following a
Bernoulli distribution in our simulations with only two possible outcomes, being
exposed to either attitudinally congruent or incongruent media. Hence, the value of
information entropy H varies between 0 and 1 (i.e., 0%-100%) depending on the probabilities of the two possible outcomes, p1 (i.e., congruent media exposure) and p2 (i.e.,
incongruent media exposure).
Table 4 shows the values of information entropy along the varying ratios of media
opinions. As for the case with the unanimity in media opinions, for example, H = 0,
meaning no uncertainty in the environment, while H = 1 for the case with the complete
polarization of media opinions, indicating that the environment is maximally
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Table 4. Media Opinion Diversity and Information Entropy.
Media opinion ratio (%)
100:0
91:9
83.3:16.7
77:23
71.4:28.6
66.6:33.4
62.5:37.5
58.8:41.2
55.5:44.5
52.6:47.4
50:50

Information entropy (H)
0.0
0.44
0.6502
0.7796
0.8631
0.9185
0.9544
0.9775
0.9911
0.998
1.0

Difference (∆)
—
+.44
+.2102
+.1294
+.0835
+.0554
+.0359
+.0231
+.0136
+.0069
+.002

Note. The first column shows 11 conditions with varying ratios of the proportions of two competing
opinions represented by the media. For example, the last one, 50:50, means that the media represent
two competing stances with equal proportions, that is, a split situation. The second and third column,
respectively, contains the entropy values of all conditions and pairwise differences.

uncertain, it is totally random whether to meet attitudinally congruent media or not.
Note that information entropy dramatically jumps up from 0% to 44% when the media
opinion ratio is 91:9, further to 65% when the ratio becomes 83.4:16.7, and afterward
increases at a diminishing rate. This suggests that a slight deviation from the unanimity or extreme bias in the composition of media opinions, the presence of alternative
media or voices, may introduce a substantial amount of uncertainty to the environment. This causes the rapid dissipation of media influence in the process of the spiral
of silence.
Many prior studies of the spiral of silence have implicitly assumed that if it were
empirically confirmed that people in a minority position do indeed remain silent due
to a fear of isolation or ridicule, an initially small majority-minority gap would grow
larger across times to become a global phenomenon (e.g., Hampton et al., 2014;
Neuwirth et al., 2007). Perhaps this implicit conjecture has been why the spiral of
silence has attracted so much attention. The simulation results, however, indicate that
the silencing process formulated in the theory might be easily disrupted by the existence of some partisan media or whistleblowers. Note that this disruption may result
from the probabilistic nature of information with no presumption of an avant-garde or
hard-core nonconformist. Given the increasing diversity in the media environment, the
spiral of silence might be locally observable, but highly unlikely to occur on a global
scale. Unless the opinion representation of mass media becomes extremely homogeneous, individuals are hyperconnected, or both, the majority-minority opinion gap
found locally can seldom escalate to the global silence of the minority.
We may ask whether the proliferation of social media we see today might have
changed the situation. As shown in Figure 3, with the unanimity in the opinions
represented by the media, the majority-minority gap can reach up to 15% to 20% of
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the entire population if the average sizes of an individual’s social network are
around 6% to 7% of the population (i.e., 60-70 out of 1,000); hence, the global
clustering goes beyond 55% (more than 55% of connected triplets were closed triads).11 Is this condition observable in the real world? Considering South Korea, the
most wired nation in the world, the estimated number of Facebook users as of summer 2017 was around 14 million out of a population of 51 million, and individuals
have on average approximately 150 to 200 friends, only about 0.001% of total
Facebook users in the country, much smaller than those in the current simulations.
Furthermore, the degree of global clustering of the Facebook network, though it
might vary depending on estimation methods, is likely to range around 35% to
40%, much less than those shown here. This suggests that real-world networks in a
social media environment seem far from the hyperconnected networks exemplified
here, implying that a spiral of silence on a societal scale should be seen as a very
rare phenomenon.

From a Metaphor to Modeling Organized Complexity
For decades, scholars have challenged Noelle-Neumann’s thesis in many respects,
especially the fear of isolation as the sole motivational mechanism (Lang & Lang,
2012; Lasorsa, 1991) and the oversimplified relations between quasi-statistical
senses and opinion expression (Glynn & Park, 1997; Hayes et al., 2013; Scheufele
& Moy, 2000). A growing suspicion is that the theory itself is largely untestable or
non-falsifiable. Finding statistical evidence for some component propositions comprising the theory as done previously (see Matthes et al., 2018, for a meta-analytic
review) is not equivalent to putting the theory itself to test. Checking all the nutsand-bolts would not tell you if the car runs well—all you need to do is to drive it. In
the contemporary media environment, which is increasingly more diverse than the
traditional mass media the theory was intended to explain, it seems admittedly more
like an amorphous metaphor for an extreme occasion than a scientific apparatus for
explaining and predicting universal patterns (Moy & Hussain, 2014). Just as no
separate theory is needed for a total solar eclipse, an unusual pattern arising from the
orbital movement of the earth, moon, and sun, it may be time to bid farewell to the
old theory (Katz & Fialkoff, 2017).
Note here that diversity and fragmentation are not synonyms, however. Increased
diversity might not necessarily lead to a fragmented environment with maximal
entropy. The rise of social media may, on the contrary, facilitate global assemblages of
numerous local interactions from which a far greater range of macrosocial patterns
might emerge (DeLanda, 2006). That is, public opinion in a networked environment
can be reduced neither to an orderly pattern nor a complete disorder or randomness. In
between lies a vast continent of organized complexity (Weaver, 1948). As “One molecule of water cannot be wet” (Page, 2015, p. 32), organized complex patterns cannot
be inferred directly from the characteristics or states of their constituents. Rather, they
grow out of a myriad of interactions among the constituents and their environments, in
which final outcomes are contingent on prior outcomes along the way. Due to this path
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dependency, small changes in the initial conditions and/or along the process might
lead to quite unexpected consequences.
More imperative than abandoning existing theories is, therefore, to find what could
inherit their place (Cohen, 2017) by exploring the boundary conditions under which
various macrosocial patterns arise. There is no way a single simulation study as exemplified here can achieve this goal, but the expanded application of simulation methods
would enable communication scholars to actually run various models under a number
of different conditions, allowing for fine-tuning of the parameters for theoretically
interesting outcomes. The Nobel laureate Richard Feynman once said, “What I cannot
create, I do not understand.” Simulation methods will change the way social scientists
build, test, and refine theoretical models. In so doing, the spiral of silence will eventually find its place, along many others, as a benchmark showcasing a class of possible
consequences.

Limitations and Suggestions for Future Research
The simulations shown here, of course, are mere approximations of otherwise very
complex realities. There are important factors that merit careful consideration in future
research. In the current simulations, mass media were modeled external to social networks with no consideration of media type (e.g., print vs. broadcast), while in reality,
exposure distributions may vary depending on different media types (Leckenby &
Rice, 2013). There may also be significant variations in influence across media outlets—some may exert a far greater influence than others, as opinion leaders or central
actors in networks have a disproportionate importance in consensus building.
Considering this possibility, media outlets may alternatively be modeled as agents in
networks (Ross et al., 2019). This approach may be better suited for the purpose of
identifying influential players in the process of mediation and diffusion, whereas modeling media as external forces may be more appropriate for examining how an individual is jointly affected by the social neighbors as well as non-interpersonal sources
of information.
Besides media exposure, the mechanism of social selection or homophily may
also work in the process of social networking such that individuals selectively form
ties with like-minded others, while disconnecting with those with different perspectives (McPherson, Smith-Lovin, & Cook, 2001). As this process goes on, the social
networks of individuals may become increasingly homogeneous attitudinally,
which would give rise to global network polarization. Although such selective networking was found to be less prevalent than the conformity process, especially in
the context of political discussion (Lazer et al., 2010), this possibility certainly
merits further systematic investigation, because the response of individuals to opinion climates may differ between true interpersonal and computer-mediated social
networks like those in social media.12 For instance, if individuals are very active
with such selective networking online, those in a minority situation might want to
change local opinion climates by altering the connections, which would impede the
cascades of global silencing.
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Furthermore, an individual’s degree of media dependency was simplified merely
by being inversely related to their local network clustering, which may vary depending on other network properties such as centrality and homophily as well as psychological characteristics (Neiheisel & Niebler, 2015; Visser & Mirabile, 2004). A
related issue is that the chance to be exposed to mass media, the frequency of interpersonal discussion, and the likelihood of speaking out may be correlated with the
moral or value-laden components of issues (Noelle-Neumann, 1993)13 and an individual’s attitude intensity (Cho, Ahmed, Keum, Choi, & Lee, 2018; Hoffman et al.,
2007; Matthes et al., 2010). It is possible that people with strong attitudes on some
moral issues may become so loyal to attitude-congruent sources of opinions that
they become much less sensitive to alternative voices in media or their local social
networks. To construct a more externally valid simulation for future research, more
empirical studies would be needed to carefully parse out the factors affecting how
people depend on both local and mass-mediated information.
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Notes
1. Note here for clarification that the term “mass media” is used to refer only to a broad
class of non-interpersonal channels of information, such as traditional news media, distinguished from the interpersonal networks of individuals. Although social media may often
be thought of as mass-mediated channels of communication, here social media is viewed
only as the expanded version of interpersonal networks.
2. In agent-based modeling (ABM), agents refer to autonomous actors or entities that can
represent a variety of things from molecules, organisms, human actors, and organizations
to much larger entities like nation states. Distributed in a topological space like geographic
regions or networks, agents interact following some given rules with their own local (and
possibly global) environments from which various macro-level patterns arise. Local environments individuals face should vary depending on their locations in the topological
space given and their ranges/scopes of interaction. In a grid-like space or network, for
example, each agent might have its own local environment consisting of neighbors nearby
or in adjacent networks.
3. It should be noted here that the mediation and moderation mechanisms are not directly
competitive, but rather have a complementary relationship. Thus, attending to the moderation/filtering processes by no means implies that one should abandon the mediation perspective—with no intermediate conduits assumed, no filtering would ever be possible. The
difference lies mainly in what to emphasize. The mediation perspective puts emphasis on
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how information is diffused and who plays important roles in the processes, whereas with
the moderation perspective, one tends to focus on how individuals weigh interpersonal and
mass-mediated information sources.
In a multiplicative model in which the opinion impact is multiplied to the prior attitude,
the differential impact on a person whose prior attitude score is close to 0 would be much
smaller than one with a higher prior attitude with an absolute value.
For the current study, the normalizing constant l is set to 2 so that the maximum impact
would lead attitudes close to ±2.
Here the range of δ , originally between −1 and 1, was adjusted to be −5 ≤ δ ≤ 5 so that it
could approximately be within the predetermined range. If δ > 0 , the impact of the opinion climate increases the absolute value of the attitude (i.e., Ai ), whereas it decreases the
attitude if δ < 0 . If δ = 0 , the impact becomes 0.
The expression threshold ( φ ) refers to a person’s minimum degree of attitude intensity
or confidence, necessary to express his or her opinion outward (Sohn & Geidner, 2016).
With the same degree of confidence, some with lower expression thresholds would readily
speak out, whereas those with higher ones would not. In reality, expression thresholds may
follow a normal rather than uniform distribution that tends to inflate the portions of those
with extreme values. Due to the paucity of relevant empirical evidence, here, a uniform
distribution was assumed to serve as the baseline condition for further research.
The degree distribution of networks has been found to be better represented by an exponential function, especially when the costs associated with maintaining the relations are low
(Newman et al., 2001).
Thus, 1,000 agents are distributed over 19,881 patches, making the population density
around 2%.
The gap was widened up to around 10% of the population, meaning the majority-minority
difference among the opinions expressed was as large as one tenth of the population when
the mean network size or average degree reached around 60.
The global clustering coefficient (CG ) is the proportion of closed triads or triplets among
all the connected triplets existing in a network (Newmann, 2010). The degree of local
clustering tends to vary greatly when an individual’s social reach is small, while its variance gets smaller as social reach increases (Hamill & Gilbert, 2009). This means that, as
interpersonal networks become larger, the social networks of individuals are more likely to
overlap with one another, increasing the degree of global clustering.
Although the silencing effects online were found not to be significantly different from
those in the offline environment (Matthes et al., 2018), interpersonal networks can be qualitatively different in many respects from computer-mediated social networks like those in
social media—in an offline environment, the relationships could be multiplex (e.g., friends
and business partners, simultaneously), which might make the silencing effects stronger
than with uniplex relationships (Gearhart & Zhang, 2015). In future research, more careful
considerations of the online-offline differences would be in need.
Most prior empirical studies were done with respect to such controversial issues as affirmative action (Moy et al., 2001), abortion (Salmon & Neuwirth, 1990), or genetically modified food (GMO) foods (Scheufele et al., 2001), among many others. Due to the paucity
of studies using uncontroversial issues, unfortunately, there are little empirical evidences
regarding the effects of issue controversiality on the spiral of silence (Matthes et al., 2018).
Although such an issue characteristic might be modeled in simulations as part of individuals’ sensitivity/susceptibility to the opinion climate impact, more reliable empirical
evidences would be needed to do so.
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