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Abstract
We study the impact of media bias on voters’ behavior and election outcomes in a
laboratory experiment. We model this interaction and derive the Bayesian Nash Equilibria. These predict for a single media that, ex-ante, an increased media bias affects
candidates’ winning probabilities non-monotonically and increases voter turnout. Introducing a second media can affect the election outcome and voter turnout in either
direction. We test these predictions in a laboratory experiment and find that both observed election outcomes and vote shares are well predicted. Voter turnout, however,
is much less responsive to media bias than predicted. We show that subjects’ observed
behavior can be rationalized, to a substantial extent, by a quantal response equilibrium
model combined with (a) distinct noise parameters for candidate choice and turnout
decisions, (b) non-Bayesian belief updating, and (c) “partial competition neglect” (i.e.,
voters’ imperfect ability to infer closeness of elections from messages announced by
media).
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Introduction

Around the world, voters in many elections lack the information needed to properly assess their candidates. Knowing more about the alternatives would arguably make easier
the decisions they face. Of course, voters could search for such information, for example, by
reading party platforms, investigating candidates’ backgrounds, or visiting campaign gatherings. Such private information acquisition is costly, however, and it is unlikely that the costs
would outweigh the expected benefits from the improvement in the choice made, especially in
large elections (Downs, 1957).1 For this reason, voters often rely on low-cost external sources
to evaluate candidates. One of the most important sources of such information is the media
coverage of campaigns, candidates, and elections. Mass media thus plays an important role
in shaping voters’ views on candidates and therefore potentially have a salient impact on
voters’ behavior and the election outcomes.2
Mass media would be efficiency enhancing if they provide unbiased information that both
reduces the private costs of information acquisition by voters and increases the likelihood
of a victory of the efficiency-maximizing candidate. However, a large strand of literature
shows that media bias is pervasive and can arise from various sources.3 From the supply
side, media bias could come from the private motives of journalists (Baron, 2006), editors
(Sobbrio, 2014), government officials (Besley and Prat, 2006; McMillan and Zoido, 2004) or
interest groups who finance advertising (Ellman and Germano, 2009). Alternatively, media
bias could also come from the demand side. For example, Mullainathan and Shleifer (2005)
show that media bias can arise if media outlets choose their editorial positions to cater readers
with confirmation bias. Gentzkow and Shapiro (2006) show that reputation concerns may
lead media outlets to cater to readers’ priors. Importantly, although it is widely believed
that media bias is most severe in weak democracies (Djankov et al., 2003), empirical evidence
shows that media bias is pervasive even in well-developed countries like the U.S. (Groseclose
and Milyo, 2005; Gentzkow and Shapiro, 2010; Puglisi and Snyder, 2011, 2015) and voters
are skeptical about the neutrality of mass media outlets (Pew Research Center, 2008). An
important question is then, what are the consequences of media bias?
We address this question in this paper. We first study the impact of media bias on voter
behavior and election outcomes in a simple electoral environment, and derive both Bayesian
1

The expected benefits of being informed are decreasing in the size of the electorate because the effect of
a single vote decreases. Rational voters then do not engage in costly information acquisition. This is known
as rational ignorance (Downs, 1957).
2
Of course, in the current era, social media also play an important role in voters’ quest for information
(Allcott and Gentzkow, 2017). Here we focus on more traditional mass media such as newspapers, radio,
and TV channels.
3
See Prat and Stromberg (2013) and Gentzkow et al. (2015) for comprehensive reviews.
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Nash equilibria (BNE) and quantal response equilibrium (QRE) for this game. These provide
theoretical predictions that we subsequently test in a laboratory experiment. In doing so,
we focus on two questions. First, in an environment with a single media outlet, how does an
increase in media bias affect parties’ vote shares, the election outcome, and voter turnout?
Second, what is the impact of increasing the number of media outlets on those electoral
outcomes? We investigate this question by studying the comparative statics of introducing
a second (possibly biased) media outlet on top of the preexisting one.
Our theoretical model is an application to our experimental environment of a more general
model developed in our companion paper (Sun et al. (2019), henceforth SSS19). In the
model we consider an election (under simple majority rule) with two candidates, A and B,
who differ along the quality dimension. The quality of a candidate may be interpreted as her
ability or valence and is commonly valued by all voters. Apart from caring about qualities,
voters have heterogeneous ideological preferences in favor of one of the two candidates. A
voter’s preference over candidates then consists of both a common component (quality) and
a private component (ideology). It is thus possible for a voter to prefer the ideologically
less-favored candidate if she believes that the relative quality of this candidate is sufficiently
high. Voters can vote for either candidate or abstain, but voting is costly and the costs
are private information. We assume the election is symmetric in the sense that a priori (i)
the qualities of both candidates are identical, and (ii) voters’ ideological preferences do not
systematically favor one candidate over the other. Therefore, from the ex-ante perspective,
voter welfare is higher if the quality-superior candidate is elected.
We assume that voters cannot directly get access to candidates’ qualities. These are,
however, (precisely) observed by mass media outlet(s). Voters, then, can infer about candidates’ relative qualities from candidate endorsements released by these media outlet(s).
Importantly, the media outlet(s) may have different preferences over candidates than voters
and can publish endorsements in an attempt to influence the election outcome in favor of
the candidate they prefer. An unbiased media outlet prefers the candidate with the higher
quality, and her preferences are therefore in line with ex-ante voter welfare maximization.
A biased media, however, may prefer a candidate even if its quality is inferior. Throughout
the analysis, we assume that voters know exactly each media’s bias.
As an example, assume that the New York Times was biased towards candidate Hillary
Clinton in the 2016 presidential elections, while Fox News was biased towards Donald Trump.
Our model assumes that voters know these biases. Media endorsements can still be informative in this environment, as long as there exist quality levels for which the New York Times
would not endorse Clinton or Fox News would not endorse Trump. An endorsement allows
voters to update their beliefs about candidates’ quality levels, compared to the uninforma2

tive prior. Through affecting voters’ posterior beliefs, media –even if voters precisely know
their biases– can affect the election outcomes and voter turnout.
We assume that an unbiased media always endorses the candidate with a higher realized
quality whereas a biased media outlet may endorse its ex-ante favored candidate even if
its quality is inferior.4 Hence, an endorsement for candidate A from a media outlet biased
towards A is less convincing than the same endorsement from an unbiased media. A biased
media, however, may endorse the ‘other’ candidate B if the candidate A towards which it is
biased has a realized quality that is too low. The larger the bias towards A, the lower is the
likelihood of endorsing B. Therefore, as the media bias in favor of candidate A increases, an
endorsement for A becomes less credible, and less likely to signal a large quality difference
between the candidates. In contrast, an endorsement of candidate B becomes more credible
and signals a larger quality difference between candidates as media bias (in favor of candidate
A) increases. As an example of the latter, imagine that Fox News had endorsed Clinton in the
2016 elections. This would have been very informative about the quality difference between
Trump and Clinton. In this way, media bias in our model affects voters’ decisions (only)
through its influence on voters’ posterior beliefs of the quality difference.
We study the impact of media bias (say, towards candidate A) on voter behavior and
election outcomes in the presence of a single media outlet. On the one hand, with a higher
bias the outlet is more likely to endorse candidate A; this effect per se increases A’s winning
chances. On the other hand, this outlet’s endorsement for candidate A becomes less credible,
whereas its endorsement for the other candidate B becomes more credible, as media bias
increases. These effects per se decreases candidate A’s winning chances. The aggregate
effect, therefore, depends on which effect is strongest. With a small degree of bias, the first
effect dominates and an increase in media bias raises candidate A’s winning probability.
With a large degree of bias, the opposite applies. Therefore, from the ex-ante perspective,
an increase in media bias affects candidate A’s winning probability in a non-monotonic way.
The impact of media bias on voter turnout hinges on what an endorsement reveals about
the closeness of the election. With a strong media bias, the outlet’s endorsement for candidate
A (e.g., a Republican endorsement from the Fox News) is incredible and signals, if any, a
small expected quality difference between candidates. This implies that the election is more
likely to end up in a close race, because the vote shares for both candidates are expected
to be close. In this situation, voter turnout will be high due to the “competition effect”
(Levine and Palfrey, 2007).5 In contrast, this outlet’s endorsement for candidate B (e.g.,
4
In SSS19 we show, in a more general setup where media communicate to voters via cheap talk (Crawford
and Sobel, 1982), that this simple binary-endorsement strategy holds robustly in equilibrium.
5
The competition effect predicts voter turnout to be high if the election is expected to be close. This is
because voting is mostly likely to be decisive in close elections.
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a Democratic endorsement from the Fox News) is very credible in signaling the superiority
of candidate B and implies a sharp quality difference between candidates. This in turn
implies that the election is most likely to end up in a landslide victory of candidate B, who
is expected to gain a substantially larger share of votes than A. As a result, voters have little
incentive to cast costly votes and the turnout rate will be low. Therefore, the expected voter
turnout increases (decreases) in media bias conditional on an endorsement for candidate
A(B). Ex-ante, however, the expected voter turnout increases unambiguously with media
bias, and it achieves its peak in an environment with no information at all.
Finally, we explore how increasing the number of media outlets affects voting behavior
and the election outcome. To do so, we analyze the comparative statics of introducing a
second media outlet on top of an existing one. We demonstrate that, depending on the
biases of both outlets, having an extra outlet can systematically drive the election outcome
and voter turnout in either direction.
To test these theoretical predictions, we implemented a laboratory experiment. Aside
from enabling a direct test of our theory, laboratory control has important advantages for
addressing our research questions.6 First, it avoids the self-selection into treatments that
hinders the casual inference from observational data. For example, media exposure outside
the laboratory may be highly correlated with a voter’s ideological preference (Gentzkow and
Shapiro, 2011; Durante and Knight, 2012). Second, it allows us to directly induce (and,
therefore, measure) crucial elements of the model such as quality levels, voter preferences,
and the extent of media bias. Finally, it enables direct measurement of beliefs, which may
play an important role in voters’ decisions.
Our experimental results show that the behavior of aggregate vote share and candidates’
winning chances are well predicted. Voter turnout, however, is –contrary to the theoretical
prediction– irresponsive to media bias. In treatments with only one media outlet, standard
BNE predictions explain 58.5% to 72.4% of the variations we observe in a candidate’s winning
chances and vote share, but only 6.5% of the variation in observed voter turnout. This
difference between the model’s predictive power for candidate choice (winning probabilities
and vote shares) and for turnout warrants further investigation.
We discuss three alternative explanations: (i) quantal response equilibria (QRE) with
distinct noise parameters for candidate choice and turnout decisions; (ii) non-Bayesian belief
6
See Falk and Heckman (2009) for a general discussion of these advantages and a comparison to empirical
analyses based on observational field data. One possible disadvantage of testing the model in the laboratory
is the small size of the electorate that this allows for. This disadvantage is mitigated, however, when
laboratory data are used to test a theory (Schram, 2005). Studies comparing various electorates support the
size effects predicted by theory (Levine and Palfrey, 2007). This suggests that the theory itself can be used
to extrapolate from laboratory results.
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updating; (iii) competition neglect (i.e., voters’ imperfect ability to infer the closeness of
elections from messages announced by media outlets). We show that a hybrid structural
model combining all three features can, to a substantial extent, rationalize subjects’ observed
behavior in the experiment.
The remainder of this paper is organized as follows. Section 2 summarizes the related
literature and our contributions. Section 3 introduces the theoretical model, which is subsequently analyzed in Section 4. Section 5 presents our experimental design and Section 6
discusses the results. In Section 7 we explore possible explanations for observed deviations
in subjects’ behavior in the experiment. Section 8 concludes.

2

Related literature

Our work relates to a large and growing literature that empirically documents media’s
influence on voters’ behavior (including party vote shares and voter turnout) using observational field data. One strand of this literature examines media influence in a particular
election (Strömberg, 2004; DellaVigna and Kaplan, 2007; Gerber et al., 2009; Chiang and
Knight, 2011; Enikolopov et al., 2011; Adena et al., 2015). The typical finding is that media
exposure can shift party vote shares in favor of the media endorsed candidate, and may
either increase or decrease voter turnout. The other strand of this literature investigates the
long run impacts of media entry/exit (Gentzkow, 2006; Gentzkow et al., 2011; Drago et al.,
2014; Gavazza et al., 2015; Cagé, 2017; Ellingsen et al., 2018). These studies provide mixed
evidence regarding how media entry affect party vote shares and voter turnout. Nevertheless, these field studies provide little direct evidence on how biased media affect the election
outcome, because these studies rely on data from only parts of the electorate. We contribute
to these field studies in three ways. First, we develop a theoretical model that generate
testable predictions which may explain these styled empirical findings in a unified framework.7 Second, we test these predictions in a well controlled laboratory experiment. Third,
to the best of our knowledge, we provide the first direct experimental evidence regarding
both the interim and ex-ante influence of biased media on election outcomes.
A second strand of literature that relates to our work empirically identify the persuasion
effect of media outlets. Once again, the findings are mixed. There is evidence that voters understand that information provided by the media may be biased. Chiang and Knight (2011)
investigate the influence of media bias on voting intention by exploiting the exact timing of
newspaper endorsements in the context of 2004 US presidential election, and find that only
7

Piolatto and Schuett (2015) provide an alternative theoretical explanation for the mixed empirical evidence on the impacts of media entry on political participation, based on an ethical voter framework.
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highly credible newspaper endorsements affect voters. Durante and Knight (2012) show evidence that viewers in Italy increase their propensity to watch left-leaning television channels
to offset the movement of public slant to the right under Berlusconi’s administration. Both
findings suggest that voters are sufficiently sophisticated to filter out the impact of media
bias. However, Cain et al. (2005) find evidence in a controlled laboratory experiment that
decision makers fail to sufficiently account for the interest misalignment between themselves
and an information provider. DellaVigna and Gentzkow (2010) provide a comprehensive
review of the empirical evidence on persuasion. Most of these works exploit observational
or survey data from the field. In contrast, we elicit voters’ beliefs in a controlled laboratory
experiment, which allows us to directly investigate how these beliefs are affected by media
bias.
Finally, our paper relates to a large strand of literature studying voting games using
both experiments and field data. Most relevant for our analysis of the effects of media bias
on turnout is the “competition effect”, which predicts higher voter turnout in closer elections. This result has gained empirical support from both field (Blais, 2000) and laboratory
experiments (Levine and Palfrey, 2007; Grosser and Schram, 2010).

3

The Election Game

In this section, we present a two-candidate election game with media, which is implemented in the laboratory experiment.
Candidates. There are two candidates, A and B, each characterized by their own
qualities. Without loss of generality, we normalize the quality of candidate B to zero and
let k be the relative quality of candidate A. Therefore, if k > (<)0, A has a higher (lower)
quality than B. We assume that k is drawn from a uniform distribution F (·) on the discrete
set {–1, –0.9, · · · , –0.1, 0.1, · · · , 0.9, 1}.8 Unless explicitly stated otherwise, k is assumed to
be unobservable to voters but precisely observable to media.
Electorate. The electorate consists of N = 25 eligible voters. Each voter can choose
an action from {A, B, O}, representing voting for candidate A, candidate B, and abstaining,
respectively. Voter i is characterized by a 2-dimensional private type, (vi , ci ). vi represents
voter i’s ideological preference, and ci represents her voting costs, which are executed if and
only if she casts a vote. We assume that both vi and ci are independently and identically
distributed across voters. Each vi is drawn from a uniform distribution G(·) on the discrete
set {1, –0.5, –0.2, 0.2, 0.5, 1}. Note that a voter with vi > (<)0 has an ideological preference
leaning towards A(B). For each voter i, ci is drawn from a uniform distribution ρ(·) on
8

Note that the value k = 0 cannot occur, so we do not consider the case of equal quality.
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the discrete set {0.01, 0.02, · · · , 0.15}. We normalize voter i’s utility to 0 if candidate B is
elected, and let her payoff if A is elected be k + vi . Hence, voter i prefers candidate A(B) if
k > (<) − vi , and her individual stake at the election is reflected by |k + vi |. Formally, given
k, vi and ci , voter i’s utility function is given by
u(k, vi , ci , ai , ω) = (k + vi ) · 1ω=A − ci · 1ai =O

(1)

where ω ∈ {A, B} indicates the winning candidate, ai ∈ {A, B, O} indicates voter i’s action,
and 1E is an indicator function that equals one if the event E is true.
Media outlets. There is a set of media outlets, M . In this paper, we we consider only
cases with one or two media outlets, i.e., |M | ∈ {1, 2}. Each outlet m ∈ M precisely observes
k and can send a binary public message sm ∈ {A, B} to all voters, which are interpreted as
“media endorsement”. Each outlet m ∈ M is characterized by a commonly known parameter
χm ∈ [−1, 1], and sends public endorsement using the following cutoff strategy:9

s(k, χm ) =


A,

if k > −χm

(2)

B, if k ≤ −χ
m

Namely, outlet m ∈ M sends endorsement A(B) if and only if k > (≤) − χm . Figure 1
illustrates this endorsement strategy for the case where χm > 0.
Figure 1: An illustration of endorsement strategy (2)
−χm

−1

0

1

A is quality-inferior

k

A is quality-superior

Endorses B

Endorses A

Note: The black line denotes candidate A’s relative quality advantage. χm > 0 indicates that the media is
biased towards A. It endorses A even in some cases where B has the higher quality.

If χm = 0, m is said to be unbiased since it always endorses the candidate with a higher
quality. If χm > (<)0, the outlet is said to be A(B)-biased as it may endorse candidate A(B)
even if her quality is inferior. For this reason, we refer χm as the media bias.
Timing. The timing of the game is as follows:
1. Nature draws k and voter type profile {(vi , ci )}25
i=1 .
9

In SSS19, we show that the cutoff strategy (2) endogenously arises in equilibrium in an environment
where each media outlet m ∈ M has utility function V (k, χm , ω) = (k + χm ) · 1ω=A and communicate to
voters via cheap talk (Crawford and Sobel, 1982).
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2. Observing k, outlet m ∈ M sends public message sm ∈ {A, B} using strategy (2).
3. Observing the message profile {sm }m∈M , voters simultaneously decide on their votes
(or abstain).
4. The winning candidate is determined by simple majority rule, with ties broken by a
fair coin toss. All payoffs then realize.

4
4.1

Equilibrium Analyses
Bayesian Nash Equilibrium

Because this is a game of incomplete information, we first derive the Bayesian Nash
Equilibrium (BNE). We focus on type-symmetric BNE, where voters with the same type
(vi , ci ) adopt the same voting strategy in equilibrium.10 Under incomplete information,
voters need to use the available information to: (i) infer which candidate is better, and (ii)
decide whether or not to cast a vote for the better candidate. With voting being costly,
casting a vote for the un-preferred candidate is strictly dominated by abstaining. Were k
common knowledge, (i) is be straightforward; candidate A(B) is strictly better for voter i
whenever k + vi > (<)0. The decision whether or not to cast a vote (ii) is much more
difficult; the voter has to weigh the expected benefits against the costs of voting.
The turnout decision is critically driven by the closeness of elections. If the two candidates are of equal qualities (i.e., k = 0), then the election is expected to end up in a close
race because both candidates are expected to receive equal shares of votes, as ideological
preferences are symmetrically distributed. In this case, the chances of being pivotal are high
and voters have strongest incentives to cast costly votes, leading to a high voter turnout.
If instead the quality difference is large (i.e., |k|  0), then the election is likely to end up
in a landslide victory of the quality-superior candidate, who is expected to get substantially
higher shares of votes than her opponent. Consequently, the pivotal chances are low and
voters abstain to economize on voting costs. In this way, the quality difference |k| is negatively associated with the closeness of elections. Voter turnout is thus a decreasing function
of |k|, consistent with the “competition effect” (Levine and Palfrey, 2007).
We formalize this reasoning in SSS19 in a set of propositions. This is based on a model
with population uncertainty (Myerson, 2000). Our numerical calculations confirm that the
10

We ignore asymmetric equilibria (if any) because they are implausible without an omniscient mediator
coordinating voters’ behavior, in an environment with strategic uncertainty (e.g., voters’ vi and ci ). See, for
example, Palfrey and Rosenthal (1985) and Levine and Palfrey (2007). We numerically calculate the BNE
for all k concerned in this paper. The details can be found in our online Appendix A.
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predictions derived from those propositions carry over to our election game with N = 25
voters. Here, we present those theoretical predictions. Let V SA (k) denote the expected vote
share for candidate A in equilibrium, i.e., the fraction of votes for A among all votes cast if k
is common knowledge and the electorate size is N = 25. Define πA (k) as the probability that
candidate A wins the election and T (k) as the expected voter turnout rate in equilibrium,
both conditional on k and N = 25. Proposition 1 summarizes the comparative statics
properties of V SA (k), πA (k) and T (k) when k is commonly known to all voters.
Proposition 1 For all k, k 0 ∈ [−1, 1], it holds that
1. V SA (k) > V SA (k 0 ) if and only if k > k 0 ; V SA (0) = 12 .
2. π(k) > π(k 0 ) if and only if k > k 0 ; π(0) = 21 .
3. T (k) > T (k 0 ) if and only if |k| < |k 0 |.

0.5

1
0.8

π(k)
V SA (k)

T (k)

xA

yA
y∗

0.6

zA

z∗
x∗
0.4

zA
z∗

0.4
Voter Turnout

Winning Probability and Vote Share of A

Figure 2: BNE Predictions
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y B xB
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−0.5
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k

0.5

0
−1

1

−0.5

0
k

0.5

1

Note: The left panel shows the equilibrium functions V SA (k) and πA (k), and the right panel shows the
equilibrium function T (k). Media bias increases from red (χ = 0) to blue (χ = 0.55) to green (χ = 0.95).
wA , wB and w∗ , w ∈ {x, y, z}, represent candidate A’s winning chances conditional on message A, message
B and unconditionally (ex-ante), respectively. The dashed line segments represent the sets of all convex
combinations of wA and wB , for w ∈ {x, y, z}.

To illustrate Proposition 1, Figure 2 shows the functions V SA (k) and πA (k) (left panel),
and T (k) (right panel) for our election game. Though the equilibrium vote share increases
9

almost linearly in k, the winning probability of candidate A is an S-shape function of k; it
increases in k convexly (concavely) for k < (>)0. Intuitively, This is because an increase in
the vote share that follows from a shift in k is very unlikely to affect the election outcome if
either party has a large expected vote share to start with. Only if the support for the two
parties is balanced, can a minor change in support have a strong effect on the probability
of winning. As for turnout, note that the competition effect is clearly evident in the right
panel of Figure 2. Turnout is much higher when quality is expected to be equal (k = 0) than
when the quality difference is expected to be very large. Note also that the expected voter
turnout predicted by BNE remains below 50% for all k’s.
Proposition 1 allows us to derive equilibrium predictions for the case where k is observable
to media only. Essentially, any information obtained from the media, denoted by I, allows
voters to rationally update their beliefs about k. Since voters’ utility function is linear
in k (eq. (1)), information affects voters’ behavior only through its impact on E[k|I], the
(common) posterior mean of k conditional on I.11 Consequently, voters behave as if E[k|I] is
common knowledge and equilibrium behavior can be derived from Proposition 1 by replacing
k with E[k|I]. In section 4.1.1, we study the electoral influence of media bias in the scenario
with a single media outlet (|M | = 1). In section 4.1.2, we vary |M | from 1 to 2 study the
electoral consequences of introducing a second media outlet.
4.1.1

The Influence of Media Bias

Let |M | = 1 and χ be the bias of this single media outlet. Without loss of generality
assume χ ≥ 0, that is, the outlet is either unbiased or A-biased. In our experiment we
consider three distinct χ ∈ {0, 0.55, 0.95}, i.e., the media is either unbiased (χ = 0), weakly
biased towards A (χ = 0.55) or strongly biased towards A (χ = 0.95). Voters’ (rational)
posterior expectations about k, depend on both χ and the message s ∈ {A, B} sent by the
media. Denote these posterior expectations by ks (χ) ≡ E[k|χ, s] for s ∈ {A, B}. As can
be inferred from the cutoff strategy (eq. (2); see Figure 1), ex-ante a media outlet with
bias χ sends message A with probability P r(A|χ) ≡ 1 − F (−χ) and sends message B with
probability P r(B|χ) ≡ F (−χ). Therefore, a priori the likelihood of sending a message in
favor of A increases with the bias χ. Table 1 summarizes these endorsement probabilities
and the Bayesian posterior expectations ks (χ) for our experimental parameters.
As is evident from Table 1, an increase in media bias χ has three effects:
Effect I P r(A|χ) = 1 − F (−χ) decreases in χ.
11

Since all voters are equally informed and have common priors, the posteriors must be common across
the electorate.
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Table 1: Likelihood of Endorsements and the Rational Posterior Expectations

P r(s|χ)
ks (χ)

χ=0
s=A s=B
0.5
0.5
11
11
−
20
20

χ = 0.55
s=A s=B
0.75
0.25
4
− 45
15

χ = 0.95
s=A s=B
0.95
0.05
1
−1
19

Note: P r(s|χ) denotes the probability that signal s is sent, conditional on bias χ (cf. Figure 1). ks (χ) denotes
voters’ rationally updated beliefs about χ after receiving signal s. F (−χ) is assumed to be discrete-uniform
on [–1, 1] with steps of 0.1, excluding the value k = 0. The values for ks (χ) use the assumption that a media
that is indifferent between A and B sends signal B (cf. equation (2)).

Effect II Both kA (χ) and |kA (χ)| decrease in χ.
Effect III kB (χ) decreases whereas |kB (χ)| increases in χ.
In words, Effect I suggests that a more A-biased media is a priori more likely to send
message A. Effect II implies that, with a higher biased towards candidate A, the media’s
message A becomes less credible in signaling the superiority of candidate A and implies
a lower expected quality difference between candidates. Effect III suggests that message B
becomes more credible in signaling the inferiority of candidate A and implies a larger expected
quality difference between candidates, as the media becomes increasingly A-biased. From
the ex-ante perspective, however, media bias cannot systematically affect rational voters’
posterior expectations. This is because, by law of iterate expectations, voters’ posterior
P
means
s∈{A,B} P r(s|χ) · ks (χ) must average back to the prior mean 0 (as evident from
Table 1). Intuitively, even though message A (in favor of candidate A) is more likely to
be sent ex-ante, message A becomes less weaker whereas the other message B becomes
stronger in influencing voters’ beliefs. On average, these effects balance out, leaving voters’
posterior beliefs unaffected. Let E[ξ(k)|χ] ≡ [1 − F (−χ)]ξ(kA (χ)) + F (−χ)ξ(kB (χ)) denote
the expectation of outcome ξ(k), with ξ ∈ {V SA , πA , T }, from the ex-ante perspective.
Proposition 2 summarizes the interim and ex-ante impacts of an increase in media bias on
party vote shares and the election outcome.
Proposition 2 Suppose |M | = 1, the following properties hold
1. ∀χ, χ0 ∈ {0, 0.55, 0.95} such that χ0 > χ and s ∈ {A, B}, there are
(a) V SA (ks (χ)) > V SA (ks (χ0 )), and V SA (0) = 21 .
(b) πA (ks (χ)) > πA (ks (χ0 )), and π(0) = 12 .
2. E[π(k)|0.55] > E[π(k)|0.95] > E[π(k)|0] = 21 .

11

Proposition 2.1 claims that both the expected vote share and winning probability of
candidate A decrease in media bias χ, conditional on either message s ∈ {A, B}. This is
because both kA (χ) and kB (χ) decrease in χ (cf. Effect II and III). Proposition 2.1 then holds
because both V SA (k) and πA (k) are increasing functions of k (cf. left panel of Figure 2).
Intuitively, as media bias towards candidate A increases, both messages signal lower relative
quality of candidate A, which causes the expected vote share and winning probability of
candidate A to decrease. Since message A (B) is always “good” (“bad”) news for candidate
A regardless of bias χ12 , it always pushes the expected vote share and winning prospects
in favor of candidate A (B) compared to the outcomes under the uninformative prior mean
k = 0.
Although candidate A’s winning probability decreases in bias χ conditional on both
messages A and B (due to Effect II and III, respectively), Effect I provides a force in the
opposite direction; with a higher χ the media is a priori more likely to send message A
and induces posterior expectation kA (χ). Because kA (χ) > kB (χ) for all χ, Effect I per se
increases candidate A’s winning probability. The net impact of an increased media bias on
candidate A’s winning probability thus depends on which of these opposite forces dominate.
For a small degree of bias (χ close to 0), Effect I dominates and a marginal increase in bias
increases A’s winning probability. For a large degree of bias (e.g., χ = 0.9), the opposite
applies. For this reason, the relationship between media bias and candidate A’s ex-ante
winning probability is non-monotonic, as predicted by Proposition 2.2.13
The interim and ex-ante impacts of media bias on the election outcome can also be
straightforwardly illustrated through a geometric approach demonstrated in the left panel of
Figure 2. First suppose χ = 0, that is, the media is unbiased. Then kA (0) = 0.55 and kB (0) =
−0.55 (cf. Table 1). As a result, candidate A’s winning probability conditional on message A
(B) equals πA (0.55) (πA (−0.55)), represented by the red node xA (xB ). Ex-ante, candidate
A’s winning probability is a convex combination of πA (0.55) and πA (−0.55), and must lie
on the red dashed line segment connecting xA and xB . By law of iterated expectations, the
posterior means must average back to the prior mean, which is 0. Geometrically, this implies
that A’s ex-ante winning probability can be represented by the red node x∗ , the intersection
of segment xA xB and the vertical line k = 0.
Similar exercises can be done for χ = 0.55, yielding interim winning probabilities represented by nodes yA and yB and an ex-ante winning probability represented by y∗ . Likewise,
12

This is because kA (χ) > 0 and kB (χ) < 0 for all χ ∈ {0, 0.55, 0.95}, as is evident from Table 1.
Note that we do not predict any effect of media bias on A’s ex-ante vote share. This is because the vote
share is close to a linear function of k (see the left panel of Figure 2). Nevertheless, precisely equilibrium
calculations do predict a non-monotonicity between the expected vote share and media bias (see Figure 3,
below), albeit the impacts of media bias seem small in magnitude.
13
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for χ = 0.95, the interim winning probabilities conditional on message A, B and the ex-ante
winning probability are represented by nodes zA , zB and z∗ , respectively. The interim impacts of an increase in media bias can thus be straightforwardly illustrated by the movement
from xs to ys to zs , for s ∈ {A, B}. This confirms Proposition 2.1, which predicts that
candidate A’s winning probability decreases as media bias increase. The ex-ante impact of
increasing media bias is presented by the movement from x∗ to y∗ to z∗ . With y∗ > z∗ > x∗ ,
A’s winning probability is highest when the media is weakly biased (χ = 0.55), consistent
with the rank predicted in Proposition 2.2.
Proposition 3 summarizes the interim and ex-ante impacts of media bias on voter turnout.
Proposition 3.1 suggests that the interim impact depends on the message sent by the media.
Conditional on message A, voter turnout increases in bias χ. This is driven by Effect II;
|kA (χ)| decreases in χ and voter turnout T (k) is a decreasing function of |k| (cf. right
panel of Figure 2). Intuitively, although message A always indicates the superiority of
candidate A, it becomes weaker and signals a smaller expected quality difference, as media
bias increases. As explained above, a smaller expected quality difference drives the expected
vote share (for either candidate) closer to 50%. As a result, conditional on message A,
electoral competition becomes fiercer and expected voter turnout is higher, with increased
bias χ. Based on a similar argument (cf. Effect III), voter turnout decreases in media bias
conditional on message B. Intuitively, message B reveals a larger expected quality difference
between candidate, as the media becomes increasingly A-biased. Consequently, the expected
vote share will be driven away from 50%, leaving the electoral competition less fierce. Voter
turnout will then be lower because voting is less likely to be pivotal.
Proposition 3 Suppose |M | = 1, ∀χ, χ0 ∈ {0, 0.55, 0.95} such that χ0 > χ it holds that
1. T (kA (χ0 )) > T (kA (χ)) and T (kB (χ0 )) < T (kB (χ)).
2. E[T (k)|χ0 ] > E[T (k)|χ].
3. Ex-ante, the expected voter turnout is highest without information.
Although the interim impact of media bias on voter turnout is message-dependent, the
ex-ante impact is not; Proposition 3.2 suggests that a priori the expected voter turnout
increases unambiguously with media bias. This is because with a higher bias χ the media is
a priori more likely to send message A (Effect I), which indicates a smaller expected quality
difference (Effect II) and hence boosts voter turnout. Although message B suggests a larger
expected quality difference and leads to lower turnout as χ increases, it is never strong
enough to cause an ex-ante reduction in expected voter turnout. Finally, when voters are
uninformed, they behave completely based on their (common) prior belief, which indicates
13

no quality difference between candidates. As a consequence, the expected vote share will
precisely equal to 50% and the electoral competition is fiercest. Voter turnout will then be
highest because voting is most likely to be pivotal and voters have strongest incentives to
cast costly votes.
The previously adopted geometric approach can also be applied to derive Proposition 3
(cf. right panel of Figure 2). Similar to the previous analyses with election outcomes, the
interim impact conditional on message A and B, as well as the ex-ante impact of media
bias on voter turnout, are geometrically represented by wA , wB and w∗ , respectively, for
w ∈ {x, y, z} (again, corresponding to χ ∈ {0, 0.55, 0.95}). The interim impact conditional
on message A (B) again follows from the movement from xA to yA to zA (xB to yB to zB ).
The ex-ante impact is reflected by the movement from x∗ to y∗ to z∗ . Proposition 3 follows
evidently from this geometrical exercise.
4.1.2

The Influence of Introducing a Second Media Outlet

We investigate the ex-ante impacts of introducing a second media outlet on election outcomes and voter turnout. Without loss of generality, let the biases of the existing media
(outlet 1) and second media (outlet 2) be χ1 and χ2 . In our experiment, χ1 6= χ2 and
both χ1 and χ2 take values from {−0.55, 0, 0.55, 0.95}. Under the cutoff endorsement strategy (2) (cf. Figure 1), outlet 1 partitions the state space14 into two subsets, depending
on whether the realized k lies above or below −χ1 . Having a second media outlet refines
the information partition; it partitions the state space into three intervals, depending on
whether k > max{−χ1 , χ2 }, k ≤ min{−χ1 , −χ2 } or k lies in between. Essentially, introducing a second media affects the election outcomes and voter turnout entirely through its
influence on the distribution of voters’ posterior beliefs. These predictions are summarized
in Propositions 4 and 5 below.
Proposition 4 Suppose |M | = 2 and χ1 , χ2 ∈ {−0.55, 0, 0.55, 0.95}, then E[πA (k)|χ1 , χ2 ] >
(<)E[πA (k)|χ1 ] if χ2 > (<)χ1 .
Proposition 5 Suppose |M | = 2 and χ1 , χ2 ∈ {−0.55, 0, 0.55, 0.95}, it holds that
1. If (χ1 , χ2 ) = (0, 0.55), then E[T (k)|χ1 , χ2 ] > E[π(k)|χ1 ].
2. If (χ1 , χ2 ) = (0.55, −0.55), then E[T (k)|χ1 , χ2 ] > E[π(k)|χ1 ].
3. If (χ1 , χ2 ) = (0.95, 0), then E[T (k)|χ1 , χ2 ] < E[π(k)|χ1 ].
14

The state space refers to the set of
{−1, −0.9, · · · , −0.1, 0.1, · · · , 0.9, 1} (cf. Section 3).

14

all

possible

values

of

k,

which

equals

In words, Proposition 4 claims that introducing media outlet 2 can increase (decrease)
candidate A’s ex-ante winning probability if and only if outlet 2 is more (less) biased towards
candidate A compared to the existing outlet 1. Proposition 5 suggests that how introducing
a second media outlet on ex-ante voter turnout depends on the biases of both media outlets
in more subtle ways. If the existing media is unbiased (χ1 = 0), introducing a biased outlet
unambiguously increases the ex-ante voter turnout (Proposition 5.1). If instead the existing
media is weakly biased, introducing a second outlet that is equally biased but in favor of the
opposite candidate can systematically increase the expected voter turnout (Proposition 5.2).
Finally, if the existing media is strongly biased, then introducing an unbiased outlet can
systematically decrease voter turnout (Proposition 5.3).15

4.2

Quantal Response Equilibrium

Various studies on voter behavior have shown that Quantal Response Equilibrium (QRE;
see McKelvey and Palfrey (1995)) better describes voter behavior than BNE (Goeree and
Holt, 2005; Grosser and Schram, 2006, 2010; Tyszler and Schram, 2016). To derive QRE
we first denote a voter’s expected utility of voting for candidate A, B or abstaining (O),
conditional on model parameters (k, v, c), by EU A (k, v, c), EU B (k, v, c) and EU O (k, v, c),
respectively. It is without loss of generality to normalize EU O (k, v, c) to 0. QRE allows
voters to make errors in their voting decisions. This can be modeled by adding a stochastic
error term to expected utilities, which yields:
εA
λ
εB
B
EU (k, v, c) +
λ
εO
εO
O
EU (k, v, c) +
=
λ
λ
EU A (k, v, c) +

(3)

In (3), εd for d ∈ {A, B, O} denote i.i.d. noise and λ > 0 is a noise parameter that captures
the relative weight of noise and utility. As λ → 0, noise dominates and as λ → +∞, noise
disappears. This parameterization is general enough to capture different sources of noise,
such as distractions, perception biases, miscalculations or limited computational capability
(Goeree and Holt, 2005). Note that we assume the same noise parameter applies for all
the three different actions; voting for A, voting for B, or abstaining. We will return to this
assumption when discussing our results.
In QRE, a voter will still choose the action that yields the highest expected utility,
15

The precise mechanisms driving Proposition 4 and 5 are related to the curvatures of functions πA (k) and
T (k), respectively. Interested readers can refer to our companion paper SSS19 for more detailed explanations.
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but this is now a stochastic event. For example, she will vote for A if EU A (k, v, c) +
εA
> EU B (k, v, c) + ελB and EU A (k, v, c) + ελA > ελO holds simultaneously. Or equivalently,
λ

εB − εA < λ · EU A (k, v, c) − EU B (k, v, c) and εO − εA < λ · EU A (k, v, c).16 Specification
of the distribution functions of εA , εB , εO then yields the probabilities that the voter will
vote for A or B, or will abstain. Assuming that the εd follows the extreme value type 1
distribution for all d ∈ {A, B, O}, the (multinomial) probabilities are given by:
A

eλEU (k,v,c)
eλEU A (k,v,c) + eλEU B (k,v,c) + 1
B
eλEU (k,v,c)
B
p (k, v, c|λ) = λEU A (k,v,c)
e
+ eλEU B (k,v,c) + 1
1
pO (k, v, c|λ) = λEU A (k,v,c)
e
+ eλEU B (k,v,c) + 1
pA (k, v, c|λ) =

(4)

The expected utilities on the right hand side of (4) depend on the probabilities of being
pivotal, which in turn depends on the probabilities on the left hand side of the equations.
For any λ, the set of equations (4) can then be solved to obtain the QRE by finding the
fixed point. For more details, see online Appendix B.
To derive the QRE predictions, we need to specify λ. We obtained out-of-sample maximumlikelihood estimates for this parameter using data from a previous experiment with an electorate of size 11 (as opposed to the 25 used here) conducted in the summer of 2016.17 Figure 3
shows the BNE and QRE predictions for the ex-ante election outcome and voter turnout
with |M | = 1; these are point predictions conditional on the realizations of all the model
parameters in the 2017 experiment, which is introduced in Section 5.
Note that regarding candidate A’s expected vote share and winning probability, the BNE
and QRE predictions are quite similar. The only exception is the comparison between the
scenario with χ = 0.95 and the scenario with no information; BNE predicts a decrease
in candidate A’s expected vote share and winning probability, where QRE predicts the
opposite. The non-monotonic relationship predicted in Proposition 2.2 is also predicted
by QRE. Differences are larger for (ex ante) predicted turnout. The comparative statics
predictions regarding the expected voter turnout (Proposition 3.2 and 3.2) are also valid
under QRE, though turnout levels predicted by QRE are substantially higher than the levels
predicted by BNE. In short, all but one of the comparative statics predictions under BNE
are still valid under QRE.
16

Here, we assume that the decision to vote or abstain and the party chosen in the former case are made
simultaneously. Our online Appendix B discusses an alternative model in which these decisions are made
sequentially.
17
The estimated λ’s approximately equal 19.45 for |M | = 1 and 17.97 for |M | = 2. Further details about
our previous experiments and the QRE predictions are available from the authors upon request.
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Figure 3: The Comparisons between QRE and BNE Predictions
(a) Vote Share of A
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(c) Voter Turnout
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Note: These panels show the BNE (blue bars) and QRE (with noise parameter λ estimated out-of-sample;
red bars) predictions for the ex-ante vote share of A (left), winning probability of A (central), and voter
turnout (right). In the horizontal axis, “NoInfo” denotes the scenario where voters are making decisions
without any information. All predictions are generated based on the realized model parameters drawn for
the real experiment.

5
5.1

Experimental Design and Hypotheses
Frame

To test our key theoretical predictions, we designed a laboratory experiment that implements the two candidate, 25-voter election game presented in Section 3. The candidates are
represented by vases labeled A and B. Each voter is independently and equally likely to be
assigned to either team A or team B. If the elected vase matches a voter’s team (e.g, vase
A is elected and the voter belongs to team A), the voter receives a private bonus of either
20, 50 or 100 “tokens”.18 The bonus is determined randomly with equal probability and
independently across voters and elections. If the elected vase does not match the voter’s
team, the voter receives no private bonus. The “partisan preference” that this induces is
thus either centralist (20 tokens), moderate (50 tokens) or extreme (100 tokens).
To induce the candidate qualities, we allow voters to receive additional earnings from so
called “diamonds”, depending on which vase is elected. At the beginning of each election, one
of the two vases is randomly chosen (with equal probability) and filled with k “diamonds”,
where k is a random draw from a discrete-uniform distribution on multiples of ten between
10 and 100. ∆k, the difference between the numbers of diamonds in vase A and B is then
discrete-uniformly distributed on multiple of tens between -100 and 100 (except 0) and can be
interpreted as the relative quality of vase A. The other vase has no diamonds. If the vase filled
with diamonds wins the election, each voter irrespective of their partisan preference earns
18

Note that we convert the fractions in the model to whole numbers by multiplying all numbers by 100. In
the experiment each 100 tokens are exchanged to 2 euros or, equivalently, each token is worth 2 eurocents.
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k tokens, on top of any private bonus they might have earned. Consistent with our model,
voters are not directly informed of diamond allocations. However, voters may in some cases
receive (imperfect) information about diamond allocations from one or two media outlets,
who are framed as “robots”. After observing the public message(s) voters simultaneously
make their voting decisions. The election outcome is determined by simple majority rule,
with ties broken by a coin toss. Finally, for each voter, casting a vote induces a private
cost, independently drawn from a discrete-uniform distribution on integers between 1 and
15 tokens.

5.2

Treatments

We distinguish between seven treatments. In a benchmark (N oInf o), voters are completely uninformed about the diamond allocations. In the other six treatments, there are
either one (|M | = 1) or two media outlets (|M | = 2) providing information about diamond
allocations to voters. These outlets (“robots”) are computerized and communicate to voters
by sending binary public messages s ∈ {A, B} to all voters with the following pre-specified
strategy. In line with our theoretical model (cf. Figure 1), a robot is characterized by a
parameter χ, sends message A if and only if ∆k ≥ −χ, and sends message B otherwise. In
treatments with only one robot (|M | = 1), we distinguish between an unbiased robot (U B,
χ = 0), a weakly biased robot (W BA , χ = 55) and a strongly biased robot (SBA , χ = 95). In
the instructions, we label these robots as “ALPHA”, “BETA” and “GAMMA”, respectively.
In treatments with two media outlets (|M | = 2), we let the combination of media biases be
(U B, W BA ), (W BA , W BB ) or (SBA , U B), where a subscript denotes the candidate to which
the media is biased. We label the additional robot as “DELTA”, with χ = −55. The public
messages sent by the robot(s) give voters coarse information about the diamond allocations.
Table 2 shows the table format used to inform subjects about the robots’ strategies.
We implement a 2 × 4 factorial design where we use between-subject comparisons in the
dimension of the number of media outlets (|M | = 1, 2), and within-subject comparisons in the
dimension of media bias (N oInf o, U B, W BA , SBA , or N oInf o, (U B, W BA ), (W BA , W BB ),
(SBA , U B)). Within each electorate, the 25 subjects (voters) played 24 rounds of elections
for each of the four media bias treatment conditions for the |M | concerned (for a total
of 96 elections per session). To facilitate direct comparisons we used the same realized
parameter draws for the 24 elections (including realizations of diamonds allocations, voters’
team assignment, private bonus and voting costs) across all treatments and sessions.
To avoid order effects, we randomly divided the 24 elections for each treatment into three
distinct blocks, each containing eight consecutive elections. This gives 12 blocks of elections
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Table 2: Robot Strategies

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

#
diamonds
in vase A
100
90
80
70
60
50
40
30
20
10
0
0
0
0
0
0
0
0
0
0

#
diamonds
in vase B
0
0
0
0
0
0
0
0
0
0
10
20
30
40
50
60
70
80
90
100

No Robot

DELTA

ALPHA

BETA

GAMMA

-

A
A
A
A
A
B
B
B
B
B
B
B
B
B
B
B
B
B
B
B

A
A
A
A
A
A
A
A
A
A
B
B
B
B
B
B
B
B
B
B

A
A
A
A
A
A
A
A
A
A
A
A
A
A
A
B
B
B
B
B

A
A
A
A
A
A
A
A
A
A
A
A
A
A
A
A
A
A
A
B

Note: This table was presented to subjects in the experimental instructions (cf. online Appendix D). They
were also given a copy in print to have available throughout the experiment. Shaded cells indicate cases
where the robot sends message A; unshaded cells indicate cases where the robot sends message B. Robots
ALPHA, BETA, and GAMMA represent, respectively, an unbiased, weakly biased, and strongly biased
media. DELTA is a media outlet weakly biased in favor of B and was only included in the sessions with
|M | = 2.
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for each electorate, three for each media bias treatment. We then randomized the order of
these blocks independently for each electorate in the following manner: each set of 4 blocks
(block 1 – 4, block 5 – 8, and block 9 – 12) included one block from each of the 4 distinct
treatments. The orders of these blocks were completely randomized. Aside from controlling
for order effect, this allows us to investigate learning effect by comparing subsamples of
elections in later blocks to their early counterparts. In summary, a subject always faces
the same |M |. She starts with eight elections facing one randomly chosen (pair of) media
bias. This is followed by eight elections with different media bias. She faces all four bias
treatments before returning to a previously faced one for another eight elections.

5.3

Belief Elicitation

In the last election of each block with robot(s) (U B, W BA , SBA ) or ((U B, W BA ),
(W BA , W BB ), (SBA , U B)), we elicit subjects’ posterior beliefs about candidates’ relative
qualities conditional on each possible message (combination) being sent. As explained below, this allows us to test whether subjects’ beliefs are systematically affected by media
bias. More specifically, we elicit subjects’ beliefs about the probability that they will receive
strictly higher earnings if vase A is elected than if vase B is elected, conditional on the
message(s) s ∈ {A, B} sent by the robot(s). Note that a Bayesian voters’ average posterior
means do not vary with media bias.19 This allows us to directly use reported beliefs to test
for persuasion bias (which we report in Section 7.2).
To elicit these beliefs, we ask: “How likely do you think that vase A, if elected, pays
you more than vase B, if the robot X sends message s?”.20 Depending on the treatment, X
can be ALPHA, BETA or GAMMA. We adopt the strategy method for this task (subjects
report their beliefs for each of the two possible signals) and ask subjects to complete the
task before they start the election game.
To incentivize subjects to report their beliefs truthfully, we use the choice list approach
(Andersen et al., 2006) by asking subjects to fill out choice lists as shown for |M | = 1 in
Figure 4. In each choice list, the left option (Option 1) is a lottery that pays ten euros if and
only if vase A pays strictly more than vase B. The right option (Option 2) is a lottery that
pays the subject ten euros with probabilities varying from 0% to 100% (with increments of
19

A pays more than B if and only if k + vi > 0. The elicited posterior belief is thus interpreted as
P r[k + vi > 0|s, χ]. If voters are Bayesian, then P r[k + vi > 0|χ] = P r[k + vi > 0|A, χ] · P r[s = A|χ] +
P r[k + vi > 0|B, χ] · P r[s = B|χ] ≡ P r[k + vi > 0].
20
This is the text we use under |M | = 1. Under |M | = 2, the text depends on whether the two robots send
the same message. If so, the text reads “How likely do you think that vase A pays you more than vase B, if
both robot X and robot Y send message s?” If they send different messages, the text reads “How likely do
you think that vase A pays you more than vase B, if robot X sends message B and robot Y sends message
A?”.
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5%-point).
Figure 4: The sample choice list for the estimation task

Note: In the final election of each block with robots (for a total of nine times), each participant filled out
two choice lists (one for message A, one for message B) like the one depicted in this screen shot.

In each belief elicitation round, subjects are asked to fill out multiple such lists, one for
each possible message (combination) sent by the robot(s). We impose choice consistency to
avoid multiple switching points and reduce subjects’ burden by allowing them to complete
the choice list by simply making one click.21 After subjects have made their decisions, the
relevant list (that matches the actual message(s) sent in the subsequent election) is used
to determine the lottery applied to the subject. One of the 21 choices from the chosen list
is selected (with equal probability for each possible choice), and the option selected by the
subject is played out. This mechanism is incentive compatible; it guarantees that subjects
have the highest chance of winning the ten-euro prize if they report their beliefs truthfully
(Andersen et al., 2006). At the end of the experiment one out of the (nine) tasks is chosen
(for each subject separately) to determine whether she earns the ten-euro prize.
21

If a subject ticks Option 1 for choice X (a number between 1 to 21), then the computer automatically
ticks Option 1 for all choices Y < X and Option 2 for all choices Z > X. If the subject ticks Option 2 for
choice X, then the computer automatically ticks Option 1 for all choices Y < X and Option 2 for all choices
Z > X.
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5.4

Procedure

The experiment was programmed in PHP-MYSQL and run at the CREED laboratory of
the University of Amsterdam in the summer of 2017. A total of 300 subjects were recruited
through the CREED recruitment database. In total, we have data for 12 electorates, six for
each of the treatments |M | = 1 and |M | = 2. Each session consisted of exactly one electorate.
Random assignment of subjects across treatments was successful; descriptive statistics (Table
C.1 in online Appendix C) show no evidence that subjects’ background characteristics differ
between the two treatment groups (|M | = 1, 2). Sessions took on average 150 minutes when
there was one media and 200 minutes when there were two. Average payment was about
35.7 euros (with a minimum of 18.9 euros and a maximum of 53 euros).22
At the beginning of each session, subjects read instructions (also distributed in a handout)
on screen and have to answer a set of control questions correctly before they can start
with the experiment. At the end of the experiment, they are invited to fill out a postexperimental questionnaire that includes questions about their decision making. The full
texts of instructions, control questions and post-experiment questionnaire can be found in
online Appendix D. Subjects’ payments composed of earnings from one randomly selected
election in each of the 12 blocks, and from one randomly selected belief elicitation task. To
avoid hedging, the elicitation task to be paid was never chosen from the set of elections
selected for payment.

5.5

Hypotheses

Propositions 2 and 3 directly yield three (composite) hypotheses regarding the influence
of media bias that can be tested with our experimental data.
Hypotheses 1 Influence of media bias on the election outcome (Proposition 2):
(a) Conditional on message A, both candidate A’s expected vote share and winning probability are highest in U B and lowest in SBA .
(b) Conditional on message B, both candidate A’s expected vote share and winning probability are highest in U B and lowest in SBA .
(c) Ex-ante, candidate A’s winning probability is highest in W BA and lowest in U B.
Hypotheses 2 Influence of media bias on voter turnout (Proposition 3):
22

This includes a show-up fee of ten euros. Because the sessions with two media were expected to take
longer (which, in fact, they did), we gave subjects an ex-post (and unannounced) additional ten euros.
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(a) Conditional on message A, voter turnout is highest in SBA and lowest in U B.
(b) Conditional on message B, voter turnout is highest in U B and lowest in SBA .
(c) Ex-ante, voter turnout is ranked, in ascending order, by U B, W BA , SBA and N oInf o.
Regarding the influence of introducing a second media outlet, Proposition 4 and 5 yield
two additional sets of hypotheses to be tested.
Hypotheses 3 Influence of introducing a second media outlet on the ex-ante election outcome (Proposition 4):
(a) Ex-ante, A’s winning probability is higher in treatment (U B, W BA ) than in U B.
(b) Ex-ante, A’s winning probability is lower in treatment (W BA , W BB ) than in W BA .
(c) Ex-ante, A’s winning probability is lower in treatment (SBA , U B) than in SBA .
Hypotheses 4 Influence of introducing a second media outlet on the ex-ante voter turnout
(Proposition 5):
(a) Ex-ante, voter turnout is higher in treatment (U B, W BA ) than in U B.
(b) Ex-ante, voter turnout is higher in treatment (W BA , W BB ) than in W BA .
(c) Ex-ante, voter turnout is higher in treatment (SBA , U B) than in SBA .
We will test Hypotheses 1 to 4 non-parametrically in the following section.

6

Results

We present the results in three subsections. First, we present an aggregate overview of
subjects’ voting behavior in our experiments. This is followed by statistical tests for the
hypotheses presented in the previous section. Finally, we investigate the extent to which
behavior in our experiments can be explained by our theoretical predictions. We use data
from the full sample of 12 blocks (of eight elections each). All tests used are two-sided even
though many of our hypotheses are directional. The results may therefore be seen as a
conservative approach to testing what we predict. Unless explicitly stated otherwise, tests
are non-parametric and use the electorate (session) as the unit of independent observation.

23

6.1

Aggregate Results

We start with the one media treatment. Figure 5 shows the aggregate results for A’s vote
share (top panels), A’s probability of winning (middle panels) and turnout (lower panels).
We distinguish between results conditional on message s = A (left panels), message s = B
(central panels) and the ex-ante results (right panels; these are the weighted average of the
left and central panels based on the ex-ante probabilities of sending each message).
Figure 5: Aggregate Results, |M | = 1
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Note: V SA denotes the vote share of candidate A; πA denotes the probability that A wins the election (in
the data this is measured by the fraction of elections won by A, where ties are computed as a 0.5 score each);
T denotes voter turnout. The black bar denotes the actual observed outcomes. The light and dark grey bars
denote the corresponding BNE and QRE predictions, respectively.

A bird eye’s view of Figure 5 shows that the election outcome (measured by V SA and
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πA ) is better predicted by BNE than turnout is (measured by T ). Nonetheless, there are
substantial deviations. First, BNE predicts a non-monotonic relationship between media
bias and candidate A’s winning probability. Instead, our data show a monotonic increase
as media bias increases from U B to W BA , yet the outcomes remain more or less constant
from W BA to SBA . Second, BNE predicts substantial treatment effects of media bias on
turnout (both conditional on the signal and unconditional). The data, however, seem to show
that voter turnout responds little to variations in media bias, with only two exceptions. In
the bottom-left panel of Figure 5, the observed voter turnout is highest in SBA , though
the difference is small. The bottom-right panel shows that turnout in the treatment without
media (N oInf o) seems higher than in the media treatments. Formal tests of the relationships
between predictions and observations will be presented in the next subsection.
Figure 6: Aggregate Results, |M | = 2
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Note: Bars show ex-ante winning probability of candidate, or voter turnout for the treatment concerned and
the corresponding predictions from BNE and QRE models. χ1 and χ2 represents the biases of the preexisting
and entrant media outlet, respectively. χ1 and χ2 can take values from 0 (U B), 0.55 (W BA ), 0.95 (SBA )
and −0.55 (W BB ).

When there are two media outlets, our main interest lies in the impacts of introducing a
second media outlet on the election outcomes (measured by πA ) and voter turnout (measured
by T ), from the ex-ante perspective. Figure 6 depicts the predicted and observed election
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outcome and voter turnout for the three two-media configurations we ran. For ease of
comparison, we add the observed outcomes with the corresponding one-media case to which
we will compare each configuration.
As is evident from the top panels of of Figure 6, BNE predictions correctly captures,
both qualitatively and quantitatively, the comparative statics of the winning probability of
candidate A after media entry. the bottom panels of Figure 6 show that voter turnout,
however, varies only slightly with media entry, though in the direction predicted by BNE.

6.2

Testing Hypotheses

We start with Hypotheses 1, which concerns the impact of media bias on candidate A’s
expected vote share and winning probability. These hypotheses predict that both V SA and
πA increase in media bias conditional on either message A (H1a) or B (H1b). The topleft panel of Figure 5 shows that, conditional on message A, the vote share of candidate A
indeed decreases monotonically in media bias, as we predicted. This decrease is statistically
significant (Friedman test –henceforth, Ft–, p = 0.002, N = 6). Similarly, the top-central
panel shows that A’s expected vote share decreases in media bias conditional on message
B. The decrease is also statistically significant (Ft, p = 0.006, N = 6). For candidate
A’s winning probability conditional on message A (middle-left panel), we again observe a
monotonic decrease as media bias increases, and this is also significant (Ft, p = 0.004, N =
6). However, candidate A’s winning probability conditional on message B seems unresponsive
to media bias (middle-central panel), and the effect is indeed statistically insignificant (Ft,
p = 0.607, N = 6). This last result might be attributed to a boundary effect. As both
predicted and observed probability of winning are very close to 0 for all levels of media bias,
any necessarily small treatment effects are likely to be dominated by noises.
H1c predicts that candidate A’s ex-ante winning probability varies non-monotonically in
media bias (being highest in WB and lowest in U B). As the middle-right panel of Figure 5
shows, the observed ex-ante winning probability monotonically increases from U B to W BA
(Wilcoxon signed rank –henceforth W–, p = 0.031, N = 6), and from W BA to SBA (W,
p = 0.031, N = 6). Overall, candidate A’s ex-ante winning probability does vary significantly
with media bias (Ft, p = 0.002, N = 6). These results partly support H1c, which predicts
A’s winning probability to increase from U BA to W BA but to decrease from W BA to SBA .
In summary, our data yield mixed support for the three parts of hypotheses 1. This is
formally summarized in Result 1.
Result 1 Influence of media bias on candidate A’s vote share and winning probability:
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1. Conditional on message A, candidate A’s vote share and winning probability both decrease in media bias.
2. Conditional on message B, candidate A’s vote share decreases in media bias, but A’s
probability of winning is irresponsive to such decreases.
3. Ex-ante, candidate A’s winning probability increases monotonically in media bias.
Next we examine hypotheses 2, which concerns the impact of media bias on voter turnout.
First, H2a (H2b) predicts that conditional on message A (B), voter turnout increases (decreases) with media bias. Observed voter turnout are depicted in the bottom-left and bottomcentral panels of Figure 5, respectively. The bottom-left panel shows that, conditional on
message A, voter turnout remains almost the same across all levels of media bias; the influence of media bias is indeed statistically insignificant (Ft, p = 0.957, N = 6). Similarly,
conditional on message B (bottom-central panel), voter turnout also seems to vary little
with media bias; the differences are indeed statistically insignificant (Ft, p = 0.200, N = 6).
H2c predicts that ex-ante, voter turnout is increasing in media bias and it is highest in
the N oInf o treatment. The bottom-right panel of Figure 5 suggests that voter turnout is
indeed higher in N oInf o than in other treatments with a single media outlet23 . However,
voter turnout seems to respond little to media bias (Ft, p = 0.311, N = 6). These are
formally summarized in Result 2
Result 2 Influence of media bias on voter turnout:
1. Conditional on message A, voter turnout is irresponsive to media bias.
2. Conditional on message B, voter turnout is irresponsive to media bias.
3. Ex-ante, voter turnout is highest in the N oInf o treatment and is irresponsive to variations in biases in treatments with a single media outlet.
Hypotheses 3 concern the ex-ante impacts of introducing a second media outlet on the
election outcome (i.e., winning probability of candidate A). H3a predicts that introducing an
outlet weakly biased towards candidate A will increase A’s ex-ante winning probability, when
the preexisting outlet is unbiased. We test this by comparing candidate A’s ex-ante winning
probability under treatment U B to the corresponding outcome in treatment (U B, W BA ).
Note that, contrary to the previous tests, this is a between-subject comparison because we
vary the number of media outlets across sessions. We do observe a slight increase in A’s
23

The p values of Wilcoxon signed rank tests for comparisons between N oInf o and U B, W BA , and SBA ,
are all 0.031 (N = 6).
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winning probability (from 48.3% to 50.7%) in the top-left panel of Figure 6, the difference
is statistically significant (Mann Whitney –henceforth, MW–, p = 0.039, N = 12). H3b
predicts that, when the existing outlet is weakly biased in favor of A, introducing an oppositeminded outlet with symmetric bias decreases candidate A’s winning probability. Indeed, we
observe a sizable decrease (from 58.5% to 47.6%) in the top-central panel of Figure 6, and the
difference is statistically significant (MW, p = 0.013, N = 12). Finally, H3c predicts that, if
the preexisting outlet is strongly biased towards candidate A, then introducing an unbiased
outlet decreases A’s winning probability. Again, we observe a sharp decrease (from 66.9%
to 52.7%) in the top-central panel of Figure 6, and the difference is statistically significant
(MW, p = 0.002, N = 12). Nevertheless, conditional on the realizations of model parameters
for the experiment, both BNE and QRE predictions actually violate H3c; they predict slight
treatment effects in the other direction, if any. These results are formally summarized in
Result 3.
Result 3 Influence of introducing a second media outlet on candidate A’s ex-ante winning
probability:
1. A’s winning probability is significantly lower in treatment (U B, W BA ) than in U B.
2. A’s winning probability is significantly lower in treatment (U B, W BA ) than in U B.
3. A’s winning probability is significantly lower in treatment (SBA , U B) than in SBA .
Hypotheses 4 concern the ex-ante impacts of introducing a second media outlet on voter
turnout. H4a predicts that if the preexisting media is unbiased, introducing a biased outlet
leads to an increase in voter turnout. Contrary to H3a, our results (bottom-left panel of
Figure 6) show a slight decrease in turnout (from 50.6% to 48.8%). This is statistically
insignificant, however (MW, p = 0.699, N = 12). H3b predicts that if the preexisting media
outlet is weakly biased (W BA ), the introducing an opposite-minded media with a symmetric
bias (W BA , W BB ) can systematically increase voter turnout. Contrary to H3b, ex-ante voter
turnout varies little with (from 44.9% to 49.0%) as shown in the bottom-central panel of
Figure 6. The difference is statistically insignificant (MW, p = 0.937, N = 12). Finally, H3c
predicts that if the preexisting media is sufficiently biased (as in SBA ), then introducing
an unbiased media (as in (SBA , U B)) decreases voter turnout. The slight decrease that
we indeed observe (from 49.9% to 48.0%, see the bottom-right panel of Figure 6) is again
statistically insignificant (MW, p = 0.461, N = 12). Overall, we find no evidence that
introducing a second media outlet affects average voter turnout. This is summarized in
Result 4.
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Result 4 Influence of media entry on voter turnout: For all the combinations of media
biases we consider, we don’t find significant treatment effects of media entry on the ex-ante
voter turnout.

6.3

The Predictive Power of BNE

In this section we evaluate the predictive power of our theory. For this purpose, we
regress the observed outcomes on the corresponding theoretical (BNE) predictions.
Yis = β0 + β1 BN Eis + Xs γ + BN Eis × Xs δ + εis

(5)

In (5), Yis and BN Eis are the observed and corresponding BNE predicted aggregate outcome
(A’s vote share, A’s winning probability, or voter turnout) of election i in electorate s. Xs is
a vector of standardized electoral background variables (average age, fraction of males, and
fraction of Economics students) for electorate s. γ and δ are vectors of coefficients for these
electoral backgrounds. The error terms εis are assumed to be independent across electorates
(i.e., standard errors are clustered at the electorate level). Note that the interaction terms
in (5) allow for the impacts of BNE predictions on observed outcomes to be different across
distinct compositions of the electorate. Table 3 presents the OLS regression results for (5).
Models (1) and (3) show that variations in the BNE predictions alone can explain 72.4%
(76.0%) of the variations in the observed vote share for A in |M | = 1 (|M | = 2), while (5)
and (7) show that they explain 58.5% (64.1%) of the variations in the winning candidate in
|M | = 1 (|M | = 2). (9) and (11), however, show that only 6.5% (19.0%) of the variations
in the observed voter turnout is explained for |M | = 1 (|M | = 2). Adding controls for
electoral background variables does not increase the model’s explanatory power for the election outcomes, but does increase the model’s explanatory power for turnout by 6.2%-points
(13.5%-points) when |M | = 1 (|M | = 2). We conclude that BNE has strong predictive power
for the election outcome and vote share, but less predictive power for voter turnout. Similar
results are obtained for the predictive power of QRE predictions.24
Finally, we check for learning effects by conducting the same regression (5) separately
for subsamples in blocks 1-4, 5-9 and 9-12. By and large, we find little evidence of learning
except that the explanatory power of BNE for voter turnout increases from 3.9% in blocks
1-4 to 8.7%, both in blocks 5-8 and 9-12 for |M | = 1. For |M | = 2, these numbers are
11.7%, 23.2%, and 27.2%, respectively. Though this indicates some learning, the percentage
24
More precisely, the QRE predicts slightly better the variations in election outcomes and vote share than
BNE does, but does not do better than BNE in explaining voter turnout. Details for this and the following
analyses are available from the authors upon request.
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0.151∗∗∗
(0.018)

0.667∗∗∗
(0.035)

0.667∗∗∗
(0.006)
0.050∗∗∗
(0.008)
−0.030∗∗∗
(0.004)
0.055∗∗∗
(0.011)
−0.106∗∗∗
(0.010)
0.053∗∗∗
(0.004)
−0.121∗∗∗
(0.010)
0.151∗∗∗
(0.007)
0.119∗∗∗
(0.006)

0.710∗∗∗
(0.011)

0.710∗∗∗
(0.005)
-0.001
(0.005)
-0.004
(0.004)
0.010∗∗∗
(0.001)
-0.011
(0.007)
0.027∗∗
(0.007)
−0.016∗
(0.007)
0.119∗∗∗
(0.004)

Vote Share of A
|M | = 1
|M | = 2
(1)
(2)
(3)
(4)

0.093∗∗∗
(0.007)

0.765∗∗∗
(0.012)

0.765∗∗∗
(0.007)
-0.004
(0.004)
−0.009∗∗∗
(0.002)
−0.012∗∗
(0.004)
−0.029∗∗∗
(0.005)
0.022∗∗∗
(0.003)
−0.017∗∗
(0.005)
0.093∗∗∗
(0.003)
0.044∗∗∗
(0.004)

0.806∗∗∗
(0.014)

0.806∗∗∗
(0.012)
0.008**
(0.003)
-0.005
(0.003)
0.006∗
(0.002)
-0.012
(0.014)
0.017
(0.018)
-0.015
(0.012)
0.044∗∗∗
(0.002)

Winning Probability of A
|M | = 1
|M | = 2
(5)
(6)
(7)
(8)

0.473∗∗∗
(0.017)

0.193∗∗∗
(0.02)

0.193∗∗∗
(0.018)
0.036
(0.018)
-0.008
(0.008)
0.024
(0.023)
0.017
(0.028)
0.01
(0.012)
0.003
(0.031)
0.473∗∗∗
(0.014)

0.411∗∗∗
(0.024)

0.371∗∗∗
(0.033)

0.371∗∗∗
(0.023)
−0.036∗∗∗
(0.009)
0.049∗∗∗
(0.010)
−0.051∗∗∗
(0.009)
0.018
(0.029)
-0.018
(0.030)
0.060∗∗∗
(0.008)
0.411∗∗∗
(0.007)

Voter Turnout
|M | = 1
|M | = 2
(9)
(10)
(11)
(12)

#.Obs.
996
996
1,422
1,422
1,008
1,008
1,440
1,440
1,008
1,008
1,440
1,440
R2
0.724
0.734
0.758
0.76
0.585
0.586
0.641
0.641
0.065
0.127
0.19
0.325
Note: Electoral backgrounds are standardized within the sample. Standard errors are clustered at the session level and reported in parentheses.
Statistical significance: * p < 0.10; ** p < 0.05; *** p < 0.01.

Constant

BN E × Econ

BN E × M ales

BN E × Age

Econ

M ales

Age

BN E
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Table 3: The Predictive Power of BNE

of variations in observed turnout that can be explained by BNE predictions still remains
low.

7

Explaining our Results

Two findings in our result are markedly different from both BNE and QRE predictions.
First, candidate A’s ex-ante winning probability does not non-monotonically with media
bias. Instead, it increases in media bias monotonically. Second, ex-ante voter turnout varies
very little across treatments and is much higher than predicted under either equilibrium
concept. In this section we discuss four possible explanations for these observed deviations.
These are (i) distinct noise parameters for candidate choice and turnout decisions; (ii) nonBayesian belief updating by voters; (iii) “competition neglect”, that is, voters’ imperfect
abilities to infer the competitiveness of elections from the messages announced by media
outlets; (iv) a hybrid structural model that includes features (i) to (iii). We discuss these
alternative explanations for the case with |M | = 1. The results are similar to those obtained
for |M | = 2; details are available upon request.
In searching for these explanations, we apply three important restrictions. First, we
derive equilibrium predictions. This is not to say, of course, that non-equilibrium behavior
does not matter. It simply reflects the lack of an alternative tractable model that can
systematically explain the observed behavior. Second, we assume homogeneous players (aside
from the heterogeneity created by design). Though it is intuitive that people differ in many
dimensions, it is not a priori clear what aspects to include in the model and how to structure
this. Third, we assume that all parameters of bounded rationality that we consider are
common knowledge.25 All these assumptions are made to maintain a tractable theory.

7.1

Distinct noise parameters for candidate choice and turnout
decisions

When using the data from our previous experiments in 2016 to estimate the noise parameter λ of equations (3), we assumed that this same parameter applies for both turnout
and candidate choice (voting for A or B) decisions (cf. equations (4)). Instead, noise might
play a stronger role in one of these decisions than in the other. To formally account for this
possibility, we construct an alternative “sequential game” in which voters make decisions in
two stages. In the first stage (turnout decision), a voter decides between casting a costly
25

This excludes explanations such as higher-order beliefs, level-k thinking and cognitive hierarchy (Goeree
et al., 2016). This is not because we think that these play no role. We simply cannot model this role in a
way that helps us explain our data in a tractable and satisfactory way.
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vote or abstaining. If the voter chooses to vote, then she comes to the second stage (candidate choice decision) and decides which candidate to vote for, A or B. We allow the voter
to possess different noise parameters in the two stages. We present the formal model and
estimate the noise parameters for turnout decisions (λt ) and candidate choices (λp ) based
on our 2016 experiment in online Appendix B.
Intuitively, candidate choices seem cognitively much easier than turnout decisions. To
make the former decision, a voter only needs to infer which candidate is better based on
her private ideology and the public information. To make the latter decision, however, the
voter has to precisely infer the chances of casting pivotal votes and then judge whether
the expected benefits from voting dominates its costs. For this reason, we expect voters
to behave more rationally in candidate choices than in turnout decisions. The estimation
results for the sequential model indeed confirms this intuition; the noise parameter is lower
for turnout decisions (λt = 16.66) than for candidate choices (λp = 21.83). This reflects that
noises play a more prominent role in turnout decisions than candidate choices. Nevertheless,
this alternative sequential model does not outperform the standard QRE model presented
in Section 4.2.26 In addition, predictions of this sequential model cannot explain why we do
not observe the predicted non-monotonicity of A’s ex-ante winning probability. Therefore,
we conclude that incorporating distinct noise parameters for candidate choices and turnout
decisions alone cannot satisfactorily explain the observed deviations in our experiment.
The equilibrium analyses in Section 4 reveal that, to make an optimal voting decision, a
voter needs not only to form correct posterior beliefs of candidate quality difference k, but
also to infer the closeness of election based on their posterior beliefs. Voters may behave
sub-optimally if they make mistakes in either of the two aspects. So, could subjects’ observed
voting behavior be explained by deviations from Bayesian updating, their failure to infer the
closeness of elections, or both? We discuss these alternative explanations in the next three
subsections.

7.2

Non-Bayesian Belief Updating

We elicited subjects’ posterior beliefs about the probability that candidate A generates a
strictly higher payoff than B (cf. Section 5.3). Note that our choice-list elicitation procedure
yields belief intervals of 5%-points. For the analysis we exclude inconsistent choices (i.e.,
when vase A was believed to pay less under message A than under message B) and use the
26

As reported in online Appendix B, predictions of the latter model generates a slightly higher log-likelihood
than the predictions from the former. Results from Vuong’s closeness tests (Vuong, 1989) cannot reject the
null hypothesis that the two models are equally close to the true data generating process.
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midpoint of the remaining intervals as an estimate of the reported belief.27 As argued in
section 5.3, if voters are Bayesian, biased media outlets cannot systematically alter the mean
of their posterior beliefs (that is, from the ex-ante perspective, voters should still expect no
quality difference between candidates). If, however, voters are subject to persuasion bias,
then their mean posterior beliefs may vary with media bias.
Table 4 summarizes for each treatment condition the mean reported and rational posterior
beliefs that A will give a higher payoff than B. It appears that reported beliefs follow the
comparative statics predicted by the Bayesian posteriors reasonably well, though –recalling
that the prior probability is 0.5– voters tend to update less than rationally prescribed (with
one exception). The differences between reported and Bayesian beliefs are not significant
across treatments (Ft, p = 0.139, N = 6).28 This suggests that voters’ posterior beliefs are
not systematically influenced by media bias.
Table 4: Reported versus Bayesian Posterior Beliefs
Message
UB
W BA
SBA

s=A
Reported Bayesian
0.72
0.76
0.60
0.60
0.55
0.52

s=B
Reported Bayesian
0.26
0.25
0.20
0.13
0.14
0.00

Ex-ante
Reported Bayesian
0.49
0.51
0.50
0.48
0.53
0.50

Note: Cells report, for sessions with |M | = 1, subjects’ mean reported and Bayesian posterior beliefs about
the probability that candidate A generates strictly better payoffs to them than candidate B. Note that the
unconditional (i.e., ex-ante) Bayesian posterior beliefs may differ from the prior 0.5 as a consequence of
random draws of model parameters in the experiment.

To investigate in more detail how reported beliefs respond to messages and the Bayesian
benchmark, we use the regression framework reported in (6).
Rit − ηit = β0 + β1 mAt + β2 (Bit − ηit ) + γXi + δXi × (Bit − ηit ) + it

(6)

where i is an index of the individual subject, t is the index of the election, mAt is a dummy
variable that equals 1 if message A is sent in election t, Rit and Bit are the reported and
Bayesian posterior beliefs, ηit is the Bayesian prior belief for subject i (which varies with
i’s ideological preferences), Xi is a vector of individual characteristics, including age, gender
and a dummy variable indicating whether the individual is a student of economics (including
27

32% of pairs of elicited beliefs (for |M | = 1) had inconsistent choice patterns in this way. These
inconsistencies were evenly spread across subjects; nine decisions were made (each involving a reported belief
conditional message A and one conditional on message B) and only 7% of the subjects were inconsistent zero
or nine times.
28
Similarly, we observe no significant effects if we test separately per voter type (centralist, moderate,
extreme), after correcting for the multiple comparisons problem.
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business), and it represents idiosyncratic noises for each subject i in each election t. In
formula (6), β0 + β1 (β0 ) measures how much a voter’s reported posterior deviates from the
Bayesian prior conditional on message A(B). β2 measures how responsive are voters’ reported
beliefs to variations in the Bayesian posterior. Table 5 reports the estimated coefficients β0 ,
β1 and β2 from regression (6) in each treatment condition under |M | = 1.
Table 5: Estimated Coefficients of Regression 6
Treatment
Constant (β0 )
mAt (β1 )
Bit − ηij (β2 )
#.Obs.
R2

UB

W BA

SBA

−0.184∗∗∗
(0.023)
0.360∗∗∗
(0.022)
0.169∗
(0.071)

−0.122∗∗∗
(0.028)
0.177∗∗∗
(0.034)
0.425∗∗∗
(0.063)

0.077∗∗∗
(0.016)
−0.032∗∗
(0.01)
0.878∗∗∗
(0.019)

596
0.401

600
0.376

624
0.570

Note: Cells report the estimated coefficients of a subset of independent variables in (6), listed in the first
column. Estimates are for |M | = 1 and excluding inconsistent reports, as explained in the main text. Robust
standard errors (reported in parentheses) are clustered at the electorate level. Complete results are available
upon request. ***/**/* indicates statistical significance at the 1%-/5%-/10%-level.

If subjects are perfect Bayesian, we should observe β0 = β1 = 0 and β2 = 1. If instead
voters respond to Bayesian posteriors insufficiently, we have β2 < 1. If voters irrationally
trust a message at face value to at least some extent, then β0 + β1 > 0 and β0 < 0. Voters’
average posterior beliefs are systematically different from their priors if (β0 + β1 ) · P r[s =
A|τ ]+β0 ·P r[s = B|τ ] = β0 +β1 ·P r[s = A|τ ] 6= 0, where τ ∈ {U B, W BA , SBA } indicates the
treatment condition (with |M | = 1). Table 6 summarizes the tests for these combinations of
coefficients.
Table 6: Reports of Statistical Tests
Treatment

UB

W BA

SBA

β0 = 0
β0 + β1 = 0
β2 = 1
β0 + β1 · P r[s = A|τ ] = 0

(−)∗∗∗
(+)∗∗∗
(−)∗∗∗
(−)

(−)∗∗∗
(+)∗
(−)∗∗∗
(+)

(+)∗∗∗
(+)∗
(−)∗∗∗
(+)∗

Note: Cells report the test results for the restrictions listed in the first column. In performing these tests, we
focus on treatments with |M | = 1 and exclude inconsistent reports, as explained in the main text. (–)/(+)
indicates a value for the (function of the) coefficient(s) that is below/above the value that is being tested.
For example, when testing β2 = 1, (–) means that the estimated coefficient is below 1. ***/* indicates
significance at the 1%-/10%-level.
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In sessions with |M | = 1, we observed clear evidence for conservatism in belief updating;
β2 < 1 for all treatments τ ∈ {U B, W BA , SBA }. This suggests that voters’ posterior beliefs
respond insufficiently to information compared to a Bayesian. In treatments U B and W BA ,
voters more or less trust media endorsements at face value; β0 + β1 > 0 and β0 < 0. They are
not systematically persuaded, however, because from the ex-ante perspective their average
posterior beliefs do not systematically deviate from their priors.29 The results are slightly
different in treatment SBA . There, subjects shift their posterior beliefs in favor of candidate
A conditional on both message A and B; β1 +β0 > 0 and β0 > 0. Moreover, the effect is even
stronger conditional on message B than on message A (β0 > β1 + β0 > 0). There is marginal
evidence that voters’ posterior beliefs are systematically shifted in favor of candidate A in
treatment SBA .
Because voters’ posterior beliefs are relative conservative compared to the Bayesian
benchmark (except for SBA ), they expected less quality difference between the candidates
than is objectively the case. They might therefore expect a more competitive election. This
might partly explain why the observed levels of turnout are systematically higher, and vary
less with media bias, than predicted. Nevertheless, this could not explain the irresponsiveness of voter turnout to variations in media bias. The results in Table 4 may, however,
provide a clue to why we do not observe the non-monotonic relationship between candidate
A’ ex-ante winning probability and media bias. Voters’ average posterior beliefs are a bit
high under SBA (cf. the last row of Table 4). Recall from the left panel of Figure 2 that
candidate A’s winning probability is a very steep function at prior k = 0. Then, even a small
persuasion effect under message A might have a sizable influence on the election outcomes,
resulting a higher probability of A winning in treatment SBA ; this could take away the
non-monotonicity relationship predicted by both BNE and QRE.

7.3

Competition Neglect

A third possible explanation for the two deviations from the theoretical prediction is that
voters do not correctly perceive the implication of media’s messages on the competitiveness
of elections. More precisely, voters may incorrectly infer the probabilities of casting pivotal votes. This might be aggravated by our experimental design where, after every eight
elections, voters change to a new treatment condition with possibly different media biases.
This feature may make it difficult for subjects to learn the pivotal probabilities conditional
on each specific information environment, which critically drives turnout decisions. As an
alternative, we present in online Appendix E a modified model of bounded rationality where
29
This is because the hypotheses β0 + β1 · P r[s = A|τ ] = 0 are not rejected for τ ∈ {U B, W BA }, as evident
in Table 6.
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players are competition neglect; they overlook the correlation between the competitiveness
of elections and the information environment. In this modified model, voters mistakenly
believe pivotal probabilities to be constant across all treatments, and best respond to the
average pivotal probabilities.30 The predictions for voter turnout under this modified model
with competition neglect are depicted in Figure 7.
Figure 7: Predicted Voter Turnout under the Modified Model with Competition Neglect
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Note: These panels compare the observed voter turnout (black bars) with the predicted turnout from the
standard BNE (grey bars) and a modified BNE with competition neglect (strip bars). All predictions are
generated based on the realizations for model parameters in the real experiment.

Figure 7 shows that competition neglect fundamentally alters the comparative statics predictions of standard BNE. Conditional on the model parameters realized in the experiment,
the modified model with competition neglect predicts voter turnout to remain more or less
constant after message s = A (the left panel), to increase in media bias after message s = B
(the central panel). Ex-ante, voter turnout is predicted to be slightly decreasing in media
bias and be lowest in treatment N oInf o (the right panel), if voters are completely competition neglect. This model may partly explain the irresponsiveness of voter turnout with
respect to variations in media bias conditional on message s = A or unconditionally. Nevertheless, it cannot explain the irresponsiveness of voter turnout to media biases conditional on
message B. In addition, the fact that observed ex-ante voter turnout is highest in treatment
N oInf o is also inconsistent with the implication of competition neglect. Last but not least,
this modified model cannot explain why we do not observe a non-monotonic relationship
between media bias and candidate A’s winning probability.31 Therefore, we conclude that
a bounded rational model with complete competition neglect (i.e., voters perceiving pivotal
probability to be invariant with information) alone cannot provide a satisfactory explanations
for the observed deviations in subjects’ voting behavior.
30
31

We thank David Levine for suggesting this alternative model.
Precise predictions are available from the authors upon request.
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7.4

A Hybrid Structural Model

The previous (three) explanations suggest that (i) the irresponsiveness of observe voter
turnout to variations in media bias may be partly attributed to voters’ limited rationality
in turnout decisions, conservative belief formation, and competition neglect, (ii) the failure
of non-monotonicity may be attributed to voters non-Bayesian belief updating. Here, we
present a hybrid structural model that combines all these features in an attempt to explain
both phenomena. The point of departure is the following. Whereas the BNE assumes perfect
rationality by voters, the QRE relaxes this by allowing for noisy decision making. QRE
assumes, however, that the same decision makers are perfectly rational in belief updating.
We now present an alternative model where noise occurs in belief formation. We allow both,
for noise in belief updating (as in Section 7.2) and for competition neglect (Section 7.3).
Moreover, we allow the noise parameters in response to be different for turnout than for the
choice of A or B.
To start, we assume that the electorate forms a common posterior expectation kbτ for
each information environment τ .32 To allow for partial competition neglect, we consider
a simple binary-type model where with probability ρ ∈ [0, 1], a voter is perfectly rational
and infers precisely the pivotal probability for any specific information condition and best
responds to it; with the remaining probability 1 − ρ the voter ignores the connection between information environment and pivotal probabilities, and she only best responds to the
average pivotal probabilities. Formally, let P ivAτ and P ivBτ denote the equilibrium pivotal
probabilities of a vote for candidate A and B, respectively. fτ denotes the ex-ante probaP
bility of encountering each information environment τ .33 Define P ivA ≡ τ fτ · P ivAτ and
P
P ivB ≡ τ fτ · P ivBτ as the (weighted) average pivotal probability of a vote for candidate
A and B, respectively, in treatments with |M | = 1. A voter’s perceived pivotal probabilities
–denoted by P\
ivAτ and P\
ivBτ – are then given by:
P\
ivAτ = ρ · P ivAτ + (1 − ρ) · P ivA

(7)

P\
ivBτ = ρ · P ivBτ + (1 − ρ) · P ivB

(8)

If ρ = 0, the model reduces to the scenario with complete competition neglect as discussed
in Section 7.3. If ρ = 1, voters precisely infer pivotal probabilities in each information
environment, as in standard BNE and QRE. With ρ ∈ (0, 1), voters partly realize the
32

A
A
A
B
A
B
Hence, τ ∈ {N oInf o, U BA
, U BA
, W BA
, W BA
, SBA
, SBA
}, where the superscript refers to the message
c
sent by the media (if any). Allowing kτ to freely vary across treatment conditions means voters may exhibit
different levels of limited rationality in belief formation, depending on the treatments.
33
In treatments with |M | = 1, these probabilities are fN oInf o = 41 , fU BAA = fU BAB = 41 · 12 = 12 , fW BAA =
3
1 1
1 19
19
1
1
1 3
B =
A =
B =
4 · 4 = 16 , fW BA
4 · 4 , fSBA
4 · 20 = 20 and fSBA
4 · 20 .
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relationship between pivotal probabilities and the information environment, but insufficiently
so compared to a rational agent. For this reason, we say voters are partial competition neglect
if ρ ∈ (0, 1); a higher ρ implies a lower degree of competition neglect.
Next, we incorporate the posterior expectation kbτ and perceived pivotal probabilities in
the QRE models formally described in online Appendix B. We jointly estimate the noise
parameters (λp , λt ), voters’ common posterior beliefs (kτ for each information environment
τ ) and the degree of competition neglect (ρ) using data from our 2016 experiment. The
results are presented in online Appendix F. The estimation we obtain for ρ equals 0.507.
According to (7) and (8), this shows that the actual pivotal probability weighs in at only
50% in the perceived probability. We use the model parameters estimated from our 2016
experiment to predict voters’ behavior for the experimental sessions conducted to in 2017.
The results are summarized in Figure 8.
Given the restrictions set out at the beginning of this section (an equilibrium model with
homogeneous agents and common knowledge of the parameters of bounded rationality), our
hybrid model is very flexible; it allows beliefs to vary freely across treatments and includes
the possibility of competition neglect. The hybrid model predicts that ex-ante candidate A’s
winning probability is almost invariant in media bias (cf. middle-right panel of Figure 8).
This is neither consistent with the non-monotonic relationship predicted by BNE, nor with
the increasing relationship observed in data. As for voter turnout, the hybrid model predicts
much smaller treatment effects of media bias than BNE predictions (cf. bottom-right panel
of Figure 8). This is in line with the irresponsiveness of voter turnout appeared in our
data. At the same time, the observed substantially higher voter turnout under N oInf o
compared to other treatments is also inconsistent with the prediction of the hybrid model
(cf. bottom-right panel of Figure 8). In sum, even this very flexible model does not explain
the non-monotonicity and turnout effects we observe.34

8

Conclusion

In this paper, we construct an experimental election game based on a general model
in SSS19. We systematically characterizes both the interim and ex-ante impacts of media
bias on the election outcome and voter turnout. We show that in an environment with
34

As a final check, we investigated whether the differences between the 2016 and 2017 data might explain
our results. For example, the size of the electorate was 11 in 2016 but 25 in 2017. For this purpose, we
randomly split the data from 2017 into two. We used one half to estimate the parameters of the hybrid model
and the other to test the predictions. Once again, the substantially higher turnout in N oInf o compared
to other treatments with media, and the observed monotonic increase in candidate A’s winning probability,
could not be explained. More information is available upon request.
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Figure 8: Predicted Aggregate Outcomes based on the Hybrid Structural Model
Conditional on s = A
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Note: V SA denotes the vote share of candidate A; πA denotes the probability that A wins the election (in
the data this is measured by the fraction of elections won by A, where ties are computed as a 0.5 score each);
T denotes voter turnout. The black and light gray bars denote the observed outcomes and the corresponding
BNE predictions, respectively. The dark gray bars denote the predictions based the hybrid structural model
with parameters estimated from our 2016 experiment.
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a single media outlet, the ex-ante election outcome varies non-monotonically with media
bias while voter turnout robustly increases in media bias. We then show that introducing a
second media outlet can systematically shift the election outcome and voter turnout in either
direction, depending on the biases of both outlets. This result provides a possible rationale
for the mixed empirical evidence on the impact of media entry on voter turnout.
We subsequently test our theoretical predictions in a laboratory experiment. We find
that party vote shares and the election outcome are well predicted, albeit that predicted
non-monotonic relationship is not observed. Observed voter turnout, however, is much less
responsive to media bias than predicted. In looking for explanations for our results, we show
that voters are able to filter out the influence of media bias (i.e., their posterior beliefs are not
systematically affected by media bias), though they do update their beliefs conservatively.
We conclude that our data are best explained by a hybrid structural model that combines
(i) noisy best response in the tradition of QRE; (ii) noisy belief updating with respect to the
qualities of the candidates; and (iii) partial competition neglect, that is, voters’ imperfect
ability to infer the closeness of elections from the messages announced by media outlets.
Even this hybrid model, however, cannot explain some of the patterns in our data.
Our results imply that voters are not fully irrational in their response to the information
provide by biased media. Nevertheless, their rationality is clearly bounded. The three bounds
to rationality that we observe are intuitive and provide clear implications for understanding
the world outside the laboratory. The observation that best responses are subject to noise is
not surprising. In fact, our estimate of the noise parameter suggests that the noise vis-à-vis
pure best response is limited. Similarly, the fact that belief updating is not perfectly Bayesian
should not come as a surprise, either. In fact, our results show that the Bayesian benchmark
provides a solid ground to predict how voters adjust their beliefs. Finally, the fact that we
find some level of competition neglect is also intuitive. In our design (and arguably also
in the world outside the laboratory), subjects face an electoral environment that changes
regularly. Keeping track of how media information in any particular environment affects the
competitiveness of the election is a difficult task.
In conclusion, one might be tempted to conclude that rational choice models do a poor
job of predicting voter behavior in an environment with biased media. It is important to
stress, however, that only a few features in our data have proven difficult to rationalize. In
broad overview, we believe that our results provide a solid ground for the conclusion that
voter behavior in an environment with biased media may be noisy, but that it does have a
strong core of rational response.
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A

Bayesian Nash Equilibrium (BNE)

In this appendix, we elaborate the derivation of Bayesian Nash Equilibria (BNE) of the
election game we study in the experiment. Let qA and qB be the probabilities that an ex-ante
randomly sampled voter votes for candidate A and B, respectively. Given qA and qB , the
pivotal probabilities of a vote for A and for B, under a fixed electoral size N = 25, are1
N

b 2 c  

N
N − i i i N −2i
1X
qA qB qO
P r[P ivA|qA , qB ] =
i
2 i=0 i
b N 2−1 c 

1 X
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(A.1)


N − i i i+1 N −2i−1
q q q
i+1 A B O

(A.2)


N − i i+1 i N −2i−1
q q q
i+1 A B O

where qO ≡ 1 − qA − qB is the probability of a randomly sampled voter abstaining, and
bxc denotes the largest integer that is not greater than x. Suppose k is directly observed,
then voters with vi > (<) − k strictly prefer candidate A (B) and will cast a vote for
candidate A (B) if vote. Since voting is costly, a voter casts the vote only if the expected
benefit of voting dominates the cost. Namely, a voter with ideology vi casts a vote only if
ci ≤ |k+vi |·P r[P ivA(B)|qA , qB ] when vi > (<)−k. To simplify computation, we approximate
the probability distribution of individual voting costs ci by a continuous uniform distribution
on [0, C], where C = 0.15.


|k + v| · P r[P ivA|qA , qB ]
1 X
min
,1
qA (k) =
6 v∈V,v>−k
C


1 X
|k + v| · P r[P ivB|qA , qB ]
qB (k) =
min
,1
6 v∈V,v<−k
C

(A.3)
(A.4)

where V ≡ {−1, −0.5, −0.2, 0.2, 0.5, 1}. The equilibrium can be obtained by solving for
the fixed point of the system of equations (A.3) and (A.4), with the pivotal probabilities
1

Under simple majority rule, a vote is pivotal only if it breaks a tie or creates a tie. In each of these two
events, the vote increases the voted candidate’s winning probability by 0.5. The first term of (A.1) is the
probability of tie, and the second term of (A.1) is the probability that candidate A falls exactly one vote
behind candidate B, under multinomial distribution (qA , qB ). In these two cases, a vote for candidate A is
pivotal and improves A’s winning chance by 0.5. The interpretation is analogous for (A.2).

1

therein replaced by (A.1) and (A.2). We numerically solve for the equilibria under the above
parameterization for each value of k concerned in the main text.2 The results show that the
comparative statics predictions derived in Sun et al. (2018) for more general cases carry over
to our experimental election game.

B

Quantal Response Equilibria (QRE)

In this appendix, we derive two versions of QRE models, estimate the model parameters
and evaluate their performances in fitting the experimental data based on the maximum likelihood method. The two QRE models differ in the underlying assumptions on the individual
decision making process. In the first model (Model I) we derive the quantal response equilibrium (QRE) for the norm form game (McKelvey and Palfrey, 1995) of the experimental
election game. There, we assume that each voter simultaneous chooses among three options,
voting for A (A), voting for B (B), and abstaining (O). In the second model (Model II) we
derive the agent quantal response equilibrium (AQRE) for an extensive form version (McKelvey and Palfrey, 1998) of our experimental election games. There, we assume a voter’s
decision-making process proceeds in two stages. At the first stage, a voter decides whether
to turnout or not. If she decides to turnout, then she enters the second stage and decides
which candidate to vote for.3 It is important to distinguish these models because they are
in general non-nested (not equivalent to each other) and lead to very different equilibrium
predictions.

B.1

Model I: The QRE for the Normal Form Game

Denote any voter i’s expected utility of voting for candidate A (A), B (B) or abstain (O), conditional on model parameters (k, vi , ci ), by EU A (k, vi , ci ), EU B (k, vi , ci ) and
EU O (k, vi , ci ), respectively. Without loss of generality, we normalize EU O (k, vi , ci ) to zero
for all i’s.4 Then, EU A (k, vi , ci ) and EU B (k, vi , ci ) are given by
EU A (k, vi , ci ) = (k + vi ) · P ivA(k|λ) − ci
EU B (k, vi , ci ) = −(k + vi ) · P ivB(k|λ) − ci
2

(B.1)

The program solving for the equilibrium is available upon request.
We also estimated a third type of extensive form agend-QRE model where voters in the first stage decide
which candidate to support, and in the second stage decide whether to abstain or to vote for the candidate
they support in the first stage. Using Vuong’s closeness tests, we show that the performance of this model
is dominated by the Model I and II. More details are available upon requests.
4
With this normalization, one can interpret EU A (k, vi , ci ) as the difference between expected utilities
from voting for A and abstaining. The interpretation for EU A (k, vi , ci ) is analogous.
3

2

where P ivA(k|λ) and P ivB(k|λ) are pivotal probabilities of a single vote for candidate A
and B, respectively, conditional on k and λ. In the normal form logit quantal response game
with noise parameter λ ∈ [0, +∞], voter i decides to vote for A, for B, or to abstain with
probabilities below5
A

eλEU (k,vi ,ci )
p (k, vi , ci |λ) = λEU A (k,v ,c )
B
i i + eλEU (k,vi ,ci ) + 1
e
B
eλEU (k,vi ,ci )
pB (k, vi , ci |λ) = λEU A (k,v ,c )
B
i i + eλEU (k,vi ,ci ) + 1
e
1
pO (k, vi , ci |λ) = λEU A (k,v ,c )
i
i
e
+ eλEU B (k,vi ,ci ) + 1
A

(B.2)

As λ → 0(+∞), equilibrium voting behavior converges to random choices (BNE predictions).
Given (B.2), we can then compute the probabilities of a randomly sampled voter voting for
A and B, qA (k|λ) and qB (k|λ), as below:
Z Z
qA (k|λ) =
Zv Zc
qB (k|λ) =
v

pA (k, v, c|λ)dρ(c)dG(v) ≡ Ev,c [pA (k, v, c|λ]
pB (k, v, c|λ)dρ(c)dG(v) ≡ Ev,c [pB (k, v, c|λ]

c

where G(v) and ρ(c) denote the cumulative distribution function (CDF) of voter ideology vi
and voting costs ci , respectively. We estimate the model parameter λ based on our previous
experiment implemented in 2016. In that experiment the electorate size equals 11, each vi
is drawn from a discrete uniform distribution over {−1, −0.5, −0.2, 0.2, 0.5, 1} (denote each
element by v r , r = 1, 2, · · · , 6), and each ci is drawn from a discrete uniform distribution
over {0.1, 0.2, · · · , 0.2} (denote each element by cs , s = 1, 2, · · · , 20). Let Pd (k|λ) be a 6 × 20
matrix with the (r, s) element Pdr,s (k|λ) = pd (k, v r , cs |λ), for each d ∈ {A, B, O}. We can
then simplify the above expressions to the following formulas (~e1×6 and ~e20×1 are vectors of
ones):
1
1
×
· ~e1×6 · PA (k|λ) · ~e20×1
6 20
1
1
qB (k|λ) = ×
· ~e1×6 · PB (k|λ) · ~e20×1
6 20
qA (k|λ) =

(B.3)

The pivotal probabilities, P ivA(k|λ) and P ivB(k|λ), depend on both qA (k|λ) and qB (k|λ)
5

Note that eλEU

O

(k,vi ,ci )

= 1 since EU O (k, vi , ci ) = 0 (as a matter of normalization).
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and can be calculated by formulas below (based on multinomial distribution):6

5  
1 X 11 11 − i
qA (k|λ)i qB (k|λ)i qO (k|λ)11−2i
P ivA(k|λ) =
2 i=0 i
i



5
1 X 11 11 − i
+
qA (k|λ)i qB (k|λ)i+1 qO (k|λ)N −2i−1
2 i=0 i
i+1



5
1 X 11 11 − i
qA (k|λ)i qB (k|λ)i qO (k|λ)11−2i
P ivB(k|λ) =
2 i=0 i
i

5  
1 X 11 11 − i
+
qA (k|λ)i+1 qB (k|λ)i qO (k|λ)N −2i−1
2 i=0 i
i+1

(B.4)

Equations (B.1) to (B.4) formulate a fixed-point problem and we can solve for the QRE
predictions numerically for any given λ.

B.2

Model II: The AQRE for the Extensive Form Game

In this section we derive the AQRE for an extensive form version of our election game,
where voters adopt a two-stage decision-making process. In the first stage (S1), voter i
decides whether to vote or to abstain. If she decides to vote in S1, then the game comes to
the second stage (S2), where the voter have to decide which candidate to vote for. We allow
voters to possess different noise parameters for decisions in each stage. Let λt and λp denote
the noise parameters for stage S1 (turnout decision) and S2 (candidate choice decision). We
can solve the game using backward induction. In S2 (i.e., conditional on turnout), voter i
can only choose between candidate A and B. In the logit AQRE, these choice probabilities
are given by
eλp EU

A

p (k, vi , ci |λp ) =

A (k,v ,c )
i i

eλp EU A (k,vi ,ci ) + eλp EU B (k,vi ,ci )
B
eλp EU (k,vi ,ci )
B
p (k, vi , ci |λp ) = λ EU A (k,v ,c )
B
i i + eλp EU (k,vi ,ci )
e p

(B.5)

Voter i’s expected utility from voting is then
EU V ote (k, vi , ci |λp ) = pA (k, vi , ci |λp ) · EU A (k, vi , ci ) + pB (k, vi , ci |λp ) · EU B (k, vi , ci ) (B.6)
6

The formulas in (B.4) are obtained from (A.1) and (A.2) by replacing N with 11 (the electorate size for
our 2016 experiment), and replacing qd with qd (k|λ) for all d ∈ {A, B, O}.
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In S1, the voter’s probabilities to vote (pT ) and to abstain (pO ) are (again, recall that
EU O (k, vi , ci ) = 0)
eλt EU

T

p (k, vi , ci |λp , λt ) =

V ote (k,v ,c |λ )
i i p

eλt EU V ote (k,vi ,ci |λp ) + 1
1
pO (k, vi , ci |λp , λt ) = λ EU V ote (k,v ,c |λ )
t
i i p + 1
e

(B.7)

Therefore, from the ex-ante perspective, the probabilities that voter i votes for candidate A
and B are
pA (k, vi , ci |λp , λt ) = pT (k, vi , ci |λp , λt ) · pA (k, vi , ci |λp )
pB (k, vi , ci |λp , λt ) = pT (k, vi , ci |λp , λt ) · pB (k, vi , ci |λp )

(B.8)

Similar with Model I, equations (B.1), (B.3) and (B.4), combined with (B.5) to (B.8), formulate a fixed-point problem and we can numerically solve them for any given pair of noises
(λt , λp ).

B.3

Estimation Methods and Performance Measures

Each of the models above predicts a set of decision probabilities pd (k, v, c|Λ) for each
decision d ∈ {A, B, O}, conditional on model parameters (k, v, c) and the set of noise parameter(s) Λ, which is either {λ} (for Model I) or {λt , λp } (for Model II). We use maximum
likelihood (ML) method to estimate these structural parameters that fit the data in our 2016
experiment best. The log likelihood function aggregates voting decisions in each election by
each individual, and it is given by
LN (Λ) =

N X
T
X

ln pdit (kt , vit , cit |Λ)

(B.9)

i=1 t=1

where i is the index for individual subjects and t is the index for elections. In this section, we
assume voters are rational in belief updating, so all kt ’s equal to the posterior expectations
of k conditional on the information in each treatment condition. In Appendix F we will relax
this assumption and estimate voters’ posterior expectations from their actual voting behavior. Let Θ ≡ {(k, v, c)|∃i, t such that (k, v, c) = (kt , vit , cit )} be the set of all combinations of
(k, v, c) appeared in the experiment and let Nθ be the number of observations for any θ ∈ Θ.
Moreover, let fθd denote the observed frequency of decision d ∈ {A, B, O} for each θ ∈ Θ.
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We can then rewrite (B.9) in a more compact way as below
X
LN (Λ) =
Nθ ·
θ∈Θ

X

fθd


· ln p (θ|Λ)
d

(B.10)

d∈{A,B,O}

The maximum likelihood estimator (MLE) is then obtained by the maximizer of funcb The maxima log likelihood than equals
tion (B.10). We denote the obtained MLE by Λ.
b In order to measure the fitting performance of Λ
b on a zero-one scale, we compare
LN (Λ).
b to an upper bound LN and a lower bound LN , which are constructed below:
LN (Λ)
X
LN ≡
Nθ ·

X

θ∈Θ

d∈{A,B,O}

LN ≡

X
θ∈Θ

Nθ ·

X

fθd

·

ln fθd

fθd · ln

d∈{A,B,O}



1
= −N ln 3
3

The upper bound LN is obtained by setting the predicted choice probabilities exactly the
observed frequencies, which yields a global maxima of the log likelihood function. Hence,
b ≤ LN holds generically. The lower bound LN is obtained by assuming voters just
LN (Λ)
make decisions in a uniformly random manner, making each choice with probability one
b performs even
b could be lower than LN ; this would suggest that Λ
third. In principle, LN (Λ)
worse than a purely random choice model.7 Following Goeree et al. (2018), we construct a
natural performance measure as below
b
b = LN (Λ) − LN
RM LE (Λ)
LN − L N

(B.11)

b is a simply linear transformation of LN (Λ)
b to a zero-one scale, provided that
RM LE (Λ)
b ≥ LN . The ML estimations results for Model I and II are summarized in Table 1.
LN (Λ)
In Model II, the estimation results show that λbt < λbp , indicating that (under the twostage decision process embedded in Model II) voters behave less rationally in making turnout
decisions than in making candidate choice decisions. Nevertheless, based on the performance
b Model I performs slightly better than Model II in fitting the experimental
measure RM LE (Λ),
data. Moreover Model I and II appear to be equally close to the true data generating process,
according to Vuong’s closeness tests (p value = 0.646; Vuong (1989)).
7

For Model I this is impossible because the random choice model is nested (setting λ = 0). For Model II,
however, a random choice model might perform better because it is strictly non-nested; no pairs of noises
(λt , λp ) can generate random choices under Model II. To see this, note that even by setting λt = λp = 0,
a voter would abstain with probability 21 and vote for each candidate with probability 14 , which is different
from a uniform distribution.
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Table 1: Estimate Parameters of Model I and II based on the 2016 Experiment
Model I
Model II

C

b
b
LN (Λ)
RM LE (Λ)
-2854.682
74.9%

b
λ
19.452
λbp
21.834

λbt
16.661

b
b
LN (Λ)
RM LE (Λ)
-2857.810
74.8%

Descriptive Statistics
Table 2: Descriptive Statistics
Treatment Group
Age
Fraction of Males
Fraction of Econ Students

No. Observations

|M | = 1 |M | = 2
22.49
(0.72)
0.44
(0.10)
0.67
(0.11)

22.22
(1.36)
0.51
(0.09)
0.58
(0.13)

6

68

Mann Whitney
0.818
0.407
0.247

Note: Cells summarize the group averages of subjects’ demographic characteristics in each electorate. Standard deviations are reported in the parentheses. The last column summarizes the p-value from Mann Whitney
tests for differences between treatment groups with |M | = 1 and |M | = 2. Statistical significance levels: *
p < 0.1, ** p < 0.05, *** p < 0.01.
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The demographic information for one subject in Session 12 is missing, because s/he left experiment
earlier due to urgent personal problem. But s/he complimented all the voting parts. For this reason, the
group averages of demographics for Session 12 are calculated based on the remaining 24 subjects.

7

D

Experimental Instructions and Sample Screen Shots

[In this section we reproduce the instructions for subjects in sessions with |M | = 1.
During their time reading instructions, subjects were free to refer to previous pages. Below
you find the exact texts for the main instructions, instructions for the belief elicitation tasks
and post-experiment questionnaire, respectively.]9
[Instruction, control questions and a short summary]
Welcome to the experiment! [Screen 0]
Thank you for participating in this experiment on group decision making. In this experiment, you can earn money. The amount of money you earn depends on the decisions you
and the other participants make and on random events.
Before the experiment starts you will receive detailed instructions. These instructions are
simple, and if you follow them carefully you may earn a considerable amount of money. The
money will be paid to you in cash at the end of the experiment. We ensure that your final
earnings remain confidential: we will not inform other participants of your final earnings.
All of your decisions will be recorded anonymously. Nobody will be able to link any specific
decisions to your name.
In today’s experiment you can earn “tokens”. The conversion rate is such that 50 tokens
= 1 e, so for each token you receive 2 eurocents. On top of this you will receive a participation
fee of 10 e.
During the experiment, please do not communicate with other participants. If you have
any questions, please raise your hand and the experimenter will come to your table to answer
your questions in private.

9

The contents within brackets “[]” do not belong to the instruction texts.
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Elections, Groups, and Vases [Screen 1]
This experiment consists of a series of elections. In each election, there are 25 voters,
including you and the other 24 participants. There are two candidates in each election.
These are represented by two vases, A and B (see Figure 1). In each election, all voters will
be randomly assigned to either team A or team B. Each voter is equally likely to be assigned
to either team. Assignment to a team is important, because you will receive a bonus if your
team wins the election. This is explained next.

Figure 1: Two candidate vases, A and B
Bonus [Screen 2]
A voter will gain a bonus of X tokens if the vase belonging to his/her team wins the
election. Thus, if you are in team A, you will gain a bonus of X tokens if vase A is elected,
but no bonus if vase B is elected. Similarly, if you are in team B, you will gain a bonus of
X tokens if vase B is elected, and no bonus if vase A is elected.
The size of the bonus X will be independently drawn for each voter. It equals either 20,
50, or 100 tokens. Each of these values is equally likely. Which team you are in and the
size of your bonus is determined independently from other voters, and will differ from one
election to another. In each election, you will be told your team and the size of the bonus
X before you make your voting decision.
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Additional earnings: Diamonds [Screen 3]
Aside from making money from the bonus, you can also earn money if the vase that was
chosen contains so-called “diamonds”. This works as follows.
At the beginning of each election, the computer will randomly select (with equal probability) one of the two vases and fill it with k “diamonds” (see Figure 2).

Figure 2: One random vase filled with k “diamonds”
The number of diamonds k is randomly determined and may change from one election to
another. More specifically, k is equally likely to be 10, 20, 30, 40, 50, 60, 70, 80, 90, or 100
(so any multiple of 10 between 10 and 100). The other vase gets no diamonds. If the vase
containing the diamonds wins the election, all voters will gain these k diamonds as tokens
(so each diamond is worth one token).
In each election, the computer will independently determine which vase to fill as well
as with how many diamonds. Therefore, which vase contains diamonds, and how many
diamonds there are, will likely change from one election to another. You will never be
directly informed about which vase has been filled and how many diamonds it contains.
Voting for a vase [Screen 4]
In each election, you have to decide whether or not to vote, and if so, for which vase. If
you decide to vote, you pay a voting cost, which is equally likely to be 1, 2, 3, 4, 5, 6, 7, 8,
9, 10, 11, 12, 13, 14, or 15 tokens (so any integer between 1 and 15). These voting costs are
drawn independently across voters as well as across elections. Therefore, your voting costs
are unrelated to those of other voters and may differ from election to election.
To recap: Before making your voting decision, you will be informed of which team you
are in, the size of your bonus X, and your own voting costs. You will not know other voters’
team, bonus or costs, nor will you receive any direct information about the allocation of
diamonds.
10

After all voters have made their decisions, the election outcome will be determined by
majority rule: the vase that obtains more votes wins the election. If there is a tie, the
computer will randomly determine the winning vase by a coin toss.
Earnings [Screen 5]
Your earnings from an election are as follows:
Earning = bonus X (if the winning vase belongs to your team)
+ number of diamonds in the winning vase − voting costs (if you vote)
For example, suppose that in an election the computer chooses vase B and fills it with
40 diamonds. You are in team A with a bonus size of X = 50, and your voting costs equal
7. You decide to vote for vase A. The outcome of the election reveals that 7 voters vote for
A, 8 voters vote for B, while all the remaining voters abstain. Vase B thus wins the election
because it has more votes than A. Your earnings then equal:
0 + 40 − 7 = 33 tokens
You do not get your bonus X = 50 tokens since the winning vase (B) does not belong
to your team (A). The amount of 40 comes from the value of the diamonds in the winning
vase (B). Finally, you pay a cost of 7 tokens since you decided to cast a vote.
Information about diamonds [Screen 6]
As already noted, you will never be directly informed about which vase is filled and how
many diamonds it contains. However, you may receive indirect information about this from
a “robot”. The robot knows which vase was chosen and with how many diamonds it was
filled.
In some elections, a robot may provide public information about the diamonds. It does so
by sending either message A or message B to all voters (so all voters get the same message).
The robot comes in three different types: ALPHA, BETA, and GAMMA. These types
use different strategies to determine what message to send. More specifically:
• ALPHA sends message A if vase A contains any diamonds, and message B if vase B
contains any diamonds.
• BETA sends message A if vase B contains 50 diamonds or fewer, and message B if
vase B contains 60 diamonds or more.
11

• GAMMA sends message A if vase B contains 90 diamonds or fewer, and message B
only if vase B contains 100 diamonds.
In some elections, the robot will be type ALPHA, in some it will be type BETA and in
some it will be type GAMMA. Aside from one of these robot types, in some elections there
may be no robot at all. In that case no information about the allocation of diamonds is
provided.
The table below summarizes the indirect information you (and all other voters) will
receive in different cases. This table will also be given to you in a printed handout. The
table shows 20 different situations that may occur. Because both vases are equally likely to
be chosen and the number of diamonds is equally likely to be any multiple of 10 between 10
and 100, all of these twenty situations are equally likely to occur in any given election.

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

#
diamonds
in vase A
100
90
80
70
60
50
40
30
20
10
0
0
0
0
0
0
0
0
0
0

#
diamonds
in vase B
0
0
0
0
0
0
0
0
0
0
10
20
30
40
50
60
70
80
90
100

No Robot

DELTA

ALPHA

BETA

GAMMA

-

A
A
A
A
A
B
B
B
B
B
B
B
B
B
B
B
B
B
B
B

A
A
A
A
A
A
A
A
A
A
B
B
B
B
B
B
B
B
B
B

A
A
A
A
A
A
A
A
A
A
A
A
A
A
A
B
B
B
B
B

A
A
A
A
A
A
A
A
A
A
A
A
A
A
A
A
A
A
A
B

Note: The cells marked Red indicate cases where the robot sends message A, while the cells
marked Blue indicate cases where the robot sends message B.
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Elections in “blocks” [Screen 7]
The experiment consists of 12 blocks, each containing 8 elections. This makes 96
elections in total.
In each block, one of the four scenarios “No Robot”, “robot ALPHA”, “robot BETA”,
or “robot GAMMA” applies. At the beginning of each block you are informed about the
scenario that applies in that block. This means that at the start of each block we will tell
you which robot (if any) will send messages in the 8 elections in this block.
In elections without a robot, you are directly asked to make voting decisions without any
information about diamonds allocation. In elections with a robot providing information, the
voting procedure works as follows.
Before receiving the actual message sent by that robot, you are asked to make voting
decisions for each possible message. Specifically, you will be asked:
• What would be your voting decision if robot T sends message A?
• What would be your voting decision if robot T sends message B?
where we replace ‘T’ by either ‘ALPHA’, ‘BETA’ or ‘GAMMA’. For each question, you
have to make a decision among voting for vase A, voting for vase B, or abstaining. After
all participants have made their decisions, the message actually sent by the robot will be
revealed and all participants’ corresponding voting decisions for that message will be carried
out to determine the outcome for that election.
Overall payment [Screen 8]
At the end of the experiment, we will randomly choose one election from each block to
calculate your earnings from elections.
In addition, before the last election in each block with a robot, we will invite you to make
an estimate that gives you a chance to win a potential prize of 10 ein a lottery. You will
receive instructions for these estimation tasks when you get there. We will randomly choose
one of these estimation tasks for payment. The election where the estimation task is chosen
will NOT belong to the elections selected to calculate your election earnings. This means
that you cannot get both election earnings and the lottery prize from the same election.
Therefore, your overall payment consists of your participation fee (10 e), the earnings
from 12 randomly selected elections (one from each block), and a prize of 10 eif you win the
lottery belonging to the randomly selected estimation task. There are no training elections,
so you start deciding for money from the very beginning.
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[Screen 9: Control Questions, with correct answers in red]
To check your understanding of these instructions, please answer the following
questions:

Question 1. [True/False] Each election consists of 25 voters. You will play all
the elections in this experiment with the same group of participants.

[True]

[False]

Question 2: [True/False] It is possible that vase A contains 30 diamonds while
vase B contains 60 diamonds in the same election.

[True]

[False]

Question 3: [True/False] Vase A is more likely to contain any diamonds than
vase B.

[True]

[False]

Question 4: [True/False] Every voter is equally likely to be assigned to either
team A or team B. Which team you will be assigned to has nothing to do with
others.

[True]

[False]

Question 5: [True/False] If the winning vase belongs to your team, you will
gain a bonus of X tokens. X is equally likely to be 20, 50, or 100 tokens. The
size of your bonus may be different from those of others.

[True]

[False]

Question 6: [True/False] If you decide to vote, you have to pay a voting cost,
which is equally likely to be any integer between 1 and 15 tokens. Your voting
costs may be different from those of others.

[True]

[False]

Question 7: [True/False] You are informed about which vase contains
diamonds and how many diamonds are there before an election starts.

[True]

[False]

Question 8: [True/False] If there is a robot providing information about
diamonds allocation, all voters will receive the message sent by the robot.

[True]

[False]

Question 9: [True/False] If robot BETA sends message A, it is possible that
vase A contains no diamonds at all.

[True]

[False]

Question 10: Suppose that in an election vase A contains no diamonds, and
vase B contains 90 diamonds. What message will robot GAMMA send to all
voters?

[A]

[B]

Question 11: Suppose that in an election vase A contains 50 diamonds. You are in team A, and the size of
your bonus is 50. Your voting costs equal 10 and you decide to abstain. The election outcome is such that
there are 8 voters voting for A, 5 voters voting for B, while the remaining 12 voters abstain. What are your
earnings in this election, in terms of tokens? [100] tokens.
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Summary [Screen 10, also distributed in printed handout]
Electorate of 25 voters: In this experiment, you will play a series of elections, with a
group of 25 voters. You will be matched with the remaining 24 other participants to form
the election group, and play all the elections with the same group of participants.
Team assignment: In each election, you are equally likely to be assigned to team A or
to team B. You will gain an individual bonus if the winning vase belongs to your team.
Bonus: The size of the bonus is equally likely to be 20, 50 or 100 tokens, and is
determined independently for each voter. So the size of your bonus will likely be different
from others.
Diamonds: In each election, each vase is equally likely to contain some diamonds.
The number of diamonds is equally likely to be any multiple of 10 between 10 and
100 tokens. If the vase containing diamonds wins the election, each voter obtains all the
diamonds in it.
Voting: As a voter, you can choose to vote for either vase, or to abstain. If you decide
to vote, you will pay a voting cost, which is equally likely to be any integer between 1
and 15 tokens. Your voting costs may be different from others.
Election rule: The vase with the higher number of votes wins the election. If there is a
tie, the winning vase will be determined by a coin toss, so either vase wins with probability
50%.
Information from “robots”: You will not be directly informed about the allocation
of diamonds. However, one of the three robot types, ALPHA, BETA, and GAMMA, may
provide relevant information using the message strategies specified in the handout.
Election in “blocks”: The experiment consists of 12 blocks, each containing 8 elections.
In each block, there may either be no robot and thus no information about the diamonds
allocation, or one of the three robots types (ALPHA, BETA, GAMMA) will send a public
message to all voters before voters make their decisions.
Estimation tasks: Before the last election in each block with robots, we will invite you
to make an estimate that gives you a chance to win a potential prize of 10 ein a lottery. We
will randomly choose one of these estimation tasks for payment. You will receive instructions
for these estimation tasks when you get there.
Overall payment: Your overall payment consists of your participation fee (10 e), the
earnings from 12 randomly selected elections (one from each block), as well as a prize of 10
eif you win the lottery belonging to the randomly selected estimation task. The random
selection is such that the paid estimation task does NOT belong to one of the 12 selected
elections.
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[Instructions for the estimation task (treatment W BA under |M | = 1)]
Estimation task (with potential prize 10 e)
Before the next election starts, we kindly ask you to estimate how likely it is that vase
A pays strictly more to you than vase B, depending on the messages sent by robot BETA.
Vase A pays you strictly more than vase B if you can earn more money (without considering
voting cost) under the victory of vase A than under the victory of vase B. If both vases
give the same amount, Vase A does not give you strictly more than Vase B. For example,
suppose you are in team B, with a bonus size of 20 tokens. Then vase A pays you strictly
more than vase B only if vase A contains 30 diamonds or more. This is because you can
earn at least 30 tokens under the victory of vase A, while only 20 tokens under the victory
of vase B. Note that whether vase A pays you strictly more than vase B does not depend on
whether you vote or not, nor does it depend on the actual election outcome.
Depending on your answers, you may win a prize of 10 ein a lottery. Specifically, you
will be asked to make choices by filling out the 3 lists below: (These are sample lists for
illustrations, so please do not fill them out now)
This list asks you to assess the chance that vase A pays you strictly more than vase B
when robot BETA sends message A.

This list asks you to assess the chance that vase A pays you strictly more than vase B
when robot BETA sends message B.
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Only one of the lists you fill out will be used to determine your participation in the lottery.
Which list is chosen depends on the actual message robot BETA sends in this election. If
the robot sends message A, then the first list will be used. If it sends message B then the
second list will be used. One of the 21 choices from the chosen list will be randomly selected
to determine the lottery you will take part in.
So how should you decide which options to tick? That depends on how likely you think
it is that vase A will pay you strictly more than vase B, depending on the message sent by
robot BETA. For instance, suppose you think that there is a 63% chance that vase A will
pay you strictly more. If you want to have the highest chance of winning the 10 eprize, then
you should tick Option 1 on any choice where Option 2 offers you less than a 63% chance
of winning the prize, and you should tick Option 2 on any choice where the Option 2 offers
you a greater than 63% chance of winning the prize. Our payment procedure is designed such
that your expected earnings are highest if you provide your most accurate estimate.
You will be asked to do the same estimation task in the last election of every block where
robots are providing information. At the end of the experiment one of these estimation tasks
will be randomly selected for payment. If an election is selected to decide the lottery, then
it will not be selected to determine your election earnings. Therefore, you cannot get both
election earnings and the lottery prize from the same election.
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Questionnaire [Post-experiment Questionnaire]
Please fill in this short questionnaire carefully. Your feedback will be very helpful for our
analysis. Thank you!

Age:

[ Textbox to fill in age ]

Gender:

[Radio] Male
[Radio] Female

I study at:

[Choose from list]

Please indicate on a scale from 1 (fully disagree) to 7 (fully agree) to what extent you agree
with the following statements:
1.
In deciding whether or not to cast a vote, I paid careful attention
[ List: 1 to 7 ]
to the voting costs.
2.
In deciding whether or not to cast a vote, I paid careful attention
[ List: 1 to 7]
to the amount of the individual bonus.
3.
In the blocks with robots, my decision which vase to vote for
[ List: 1 to 7]
depended on the messages of the robots.
Please rank how your voting decisions rely on the messages from
robots in the three scenarios from 1 to 3: (1: rely most; 3: rely least)

1: [List]
3: [List]

2: [List]

Please rank how often do you vote in the four scenarios in the
experiment from 1 to 4: (1: most often; 4: least often)

1: [List]
3: [List]

2: [List]
4: [List]

Please rank how competitive do you think the elections are under
the four scenarios in the experiment from 1 to 4: (1: most
competitive; 4: least competitive)
Note: An election is competitive if the vote shares are close for both
vases.

1: [List]

2: [List]

3: [List]

4: [List]

Please rank how likely do you think your single vote may change the
election outcome under the four scenarios in the experiment from 1
to 4: (1: most likely; 4: least likely)

1: [List]

2: [List]

3: [List]

4: [List]

Did other participants vote more often or less often than you [(Optional) Textbox here]
expected? Why?
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[A sample screen shot of the decision interface]

[A sample screen shot of the result interface]10

10
The result interface is based on a simplified testing program with only 2 voters. In the formal experiment
the numbers of voters voting for A, for B and abstaining always sum up to 25, the actual electorate size.
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E

A Modified Model with Competition Neglect

In this appendix we formally introduce the modified model with complete competition
neglect; voters overlook the correlation between pivotal probability and the information environment, and only best respond to the average (weighted by the probability of encountering
each information environment) pivotal probabilities.11 This might be highly relevant under our within-subject design, where subjects frequently encountering different information
environments. Under the frequently alternating environments, it is practically difficult for
subjects to figure out the relationship between pivotal probability and information environments. Voters are assumed to be perfectly rational in all other dimensions.
We derive the BNE of this modified model. To do so, let P ivAτ and P ivBτ denote the
pivotal probabilities of voting for A and B, respectively, in each possible information environment τ ∈ {N oInf o, U BAA , U BAB , W BAA , W BAB , SBAA , SBAB }.12 Let fτ denote the ex-ante
P
probability of encountering each information environment τ .13 Define P ivA ≡ τ fτ · P ivAτ
P
and P ivB ≡ τ fτ · P ivBτ as the average pivotal probability of a vote for candidate A and
B, respectively, weighted by the frequencies of encountering each information environment.
Under competition neglect, voters ignore the fact that P ivAτ and P ivBτ can vary with τ ;
instead, they mistakenly perceive them as the weighted average P ivA and P ivB, and best
respond to them. For each τ , let kτ denote voters’ rational posterior expectation of k. Given
P ivA and P ivB, a voter i with ideological position vi > (<) − kτ will vote for candidate A
(B) if and only if |kτ + vi |P ivA > ci (|kτ + vi |P ivA > ci ) for all τ . As with Appendix A, we
assume voters’ voting costs are uniformly drawn from [0, C] with C = 0.15, for simplicity.
Analogous to the derivations of (A.3) and (A.4), under competition neglect the probabilities
that a randomly sampled voter voting for candidate A and B, respectively, equal


1 X
|kτ + v| · P ivA
min
=
,1
6 v∈V,v>−k
C
τ


X
1
|kτ + v| · P ivB
τ
qB =
min
,1
6 v∈V,v<−k
C
qAτ

(E.1)
(E.2)

τ

where the superscript τ denotes the information environment. With the electoral size N =
11

This modified model should not be confused with the concept of cursed equilibrium (Eyster and Rabin,
2005). In our experimental election game, voters receive identical public information, and their private types
do not affect the commonly valued state k. Hence, cursed equilibrium plays no role.
12
In all treatments other than N oInf o, the superscript A (B) denote the information environment when
message A (B) is sent.
13
In treatments with |M | = 1, these probabilities are fN oInf o = 41 , fU BAA = fU BAB = 41 · 12 = 12 , fW BAA =
1 3
3
1 1
1 19
19
1
1
B =
A =
B =
4 · 4 = 16 , fW BA
4 · 4 , fSBA
4 · 20 = 20 and fSBA
4 · 20 .
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25, for each τ the pivotal probabilities P ivAτ and P ivBτ can be calculated by equations (A.1)
and (A.2), with qA and qB replaced by qAτ and qBτ . These P ivAτ and P ivBτ again produces
the weighted averages P ivA and P ivB. This formulates a self-mapping on the space of
P ivA and P ivB. The BNE of this modified game can be solve by finding the fixed-point of
this self-mapping. The predicted voter turnout from this modified model with competition
neglect is presented in Figure 7 of the main text.

F

A Hybrid Structural Model

In this appendix we elaborate on the hybrid structural model introduced in Section 7.4
of the main text. This hybrid model extends the two versions of QRE models described in
Appendix B in two dimensions. First, it allows voters’ (common) posterior expectation kτ to
deviate from the Bayesian benchmark, for each information environment τ . Second, it allows
\
\
voters’ perceived pivotal probabilities (P
ivA and P
ivB) to be a convex combination of the
actual probabilities (P ivAτ and P ivBτ ) and the weighted average probabilities (P ivA and
P ivB); cf. equations (7) and (8) in the main text. We can then obtain the equilibria of this
hybrid model using the approach in Appendix B, by replacing k, P ivA(k|Λ) and P ivA(k|Λ)
with kτ , P ivA and P ivB, for each τ .14
We estimate the model parameters (ρ, Λ, kτ ) using the maximum likelihood approach
introduced in Appendix B.3, using our 2016 experimental data. The results are presented
in Table 3.15
Table 3: Estimated Parameters for the Hybrid Structural Models
Hybrid Model I

ρb
0.492

Hybrid Model II

ρb
0.506

b
λ
20.951
λbp
21.001

λbt
18.902

LN (Λ)
-2751.889

RM LE
78.1%

LN (Λ)
-2740.771

RM LE
78.5%

In Table 3, Hybrid Model I is obtained by incorporating non-Bayesian belief updating
and partial competition neglect in the standard QRE model with only one noise parameter
(i.e., Model I in Appendix B). Hybrid Model II is obtain by incorporating non-Bayesian
belief updating and partial competition neglect in the sequential AQRE model with distinct
noise parameters for candidate choice and turnout decisions (i.e., Model II in Appendix B).
14
15

The set of parameters Λ equal {λ} for Model I, and equal {λt , λp } for Model II.
The estimated kτ for each τ are available from the authors upon request.
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Under both hybrid models, the estimated ρb are close to 0.5. Vuong’s closeness test suggests
that the Hybrid Model II is closer to the true data generating process (p value = 0.070).
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