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1. INTRODUCTION

Theories of deliberative democracy are based on the premise that social information processing can
improve group beliefs. While research on the wisdom of crowds has found that information exchange
can increase belief accuracy on non-controversial factual matters, theories of political polarization im-
ply that groups will become more extreme–and less accurate–when beliefs are motivated by partisan
political bias. A primary concern is that partisan biases are associated not only with more extreme
beliefs, but also a diminished response to social information. While bipartisan networks containing
both Democrats and Republicans are expected to promote accurate belief formation, politically homo-
geneous networks are expected to amplify partisan bias and reduce belief accuracy. To test whether
the wisdom of crowds is robust to partisan bias, we conducted two web-based experiments in which
individuals answered factual questions known to elicit partisan bias before and after observing the
estimates of peers in a politically homogeneous social network. In contrast to polarization theories, we
found that social information exchange in homogeneous networks not only increased accuracy but also
reduced polarization. Our results help generalize collective intelligence research to political domains.

1.1 Deliberative Democracy and the Wisdom of Crowds

Research on the wisdom of crowds has found the aggregated beliefs of large groups can be wise–i.e., fac-
tually accurate–even when group members are individually inaccurate. While these statistical theories
offer optimistic support for democratic principles [Galton 1907; Bartels 1996], theories of deliberative
democracy remain challenged by the argument that social influence processes amplify group biases
[Moscovici and Zavalloni 1969; Sunstein 2002]. While experimental research has shown that informa-
tion exchange can improve belief accuracy [Becker et al. 2017; Jayles et al. 2017], political beliefs are
shaped by cognitive biases that don’t appear in the nonpartisan estimation tasks commonly studied in
research on the wisdom of crowds. Critically, partisan bias can shape not only value statements but
factual beliefs [Bartels 1996; Bullock et al. 2015; Taber and Lodge 2006].

The risk of partisan bias derives from the expectation that people with extreme beliefs are less
likely to adjust their beliefs in response to social information [Schkade et al. 2000; Sunstein 2009].
While partisan bias is expected to cancel out in bipartisan networks [Guilbeault et al. 2018], political
partisanship is expected to amplify existing biases in homogeneous “echo chamber” networks [Sunstein
2009].

2. EXPERIMENTAL DESIGN

To test whether the wisdom of crowds is robust to partisan bias in networks most likely to amplify
existing biases, we conducted a pre-registered web-based experiment examining social influence in
homogeneous social networks. American subjects recruited from Amazon Mechanical Turk responded
to four fact-based questions that were found to elicit partisan bias in pre-testing.
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Subjects were randomly assigned to either a social condition or a control condition. For each ques-
tion, subjects first provided an independent answer (Round 1). In the social condition, subjects were
then shown the average belief of four other subjects connected to them in a social network, and were
prompted to provide a second, revised answer (Round 2). Subjects in the social condition were then
shown the average revised answer of their network neighbors and were prompted to provide a third
and final answer (Round 3). In the control condition, subjects were prompted to provide their answer
three times, but with no social information. Besides the absence or presence of social information, sub-
ject experience was identical in both social and control conditions. Subjects were provided 60 seconds
to provide their answer each round, for a total of 3 minutes per question.

Each trial contained 35 subjects. For each trial in the social condition, all subjects participated si-
multaneously and were connected to each other in a 4-regular, random, undirected network with 35
connected nodes. We study the effect of social influence in homogeneous social networks, and a single
trial consisted of either only Republicans or only Democrats.

We conducted two sets of trials. In the first set of trials, we employed the four questions that showed
the greatest numeric bias in pre-testing. Besides the fact that the questions showed partisan bias,
there was no additional priming to the partisan nature of the experiment. In the second set of trials,
we employed four questions that tackled intuitively controversial subject matters. For example, the
second set of trials included a question about immigration, which was the center of a national debate
the United States at the time of data collection (January, 2019). To further test the robustness of
our results to partisan bias, the second set of trials also included additional visual and informational
primes designed to elicit partisan bias, following previous research on political polarization [Guilbeault
et al. 2018]. For example, the experimental interface prominently featured U.S. political party logos,
and subjects were asked to confirm their partisan affiliation prior to beginning the task.

3. RESULTS

3.1 Effect of Social Influence on Partisan Belief Accuracy

Figure 1 shows outcomes for both sets of trials, in which social influence increased the accuracy of the
mean belief for both Republicans (P<0.001 both sets) and Democrats (P<0.001 both sets). Across both
sets of trials, the error of the mean decreased by 32% as a result of social influence. One possibility is
that the improvement resulted from giving subjects the opportunity to revise their answer. However,
the control condition did not change significantly, and the social and control conditions were signifi-
cantly different (P<0.03 set 1, P<0.002 set 2). This analysis indicates that the observed effects are due
to the benefits of social information processing.

Another possibility is that individual group members become less accurate even as the mean belief
became more accurate, which would occur if individual beliefs become more widely dispersed–e.g., if
moderates and extremists moved in opposite directions. To investigate this possibility, we first measure
the standard deviation of responses before and after information exchange. We find that standard de-
viation decreased significantly in social networks (P<0.001 both sets) but not in control groups (P=0.25
set 1, P>0.46 set 2) and that the two conditions are significantly different (P<0.001 both sets). That is,
within-group similarity increased.

We also directly test the effect of social influence on average individual error (as opposed to the
error of the average). Average individual error decreased in social networks (P<0.001 both sets), but
not in control groups (P>0.11 set 1, P>0.74 set 2), the improvement was significantly smaller in con-
trol groups than social networks (P<0.001 both sets). We therefore conclude that social information
exchange improves accuracy at both the group level and the individual level.
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Fig. 1. Information exchange increases accuracy and reduces polarization. LEFT: Cumulative change in error from Round 1 to
Round 3. MIDDLE: Between-group polarization at each round. RIGHT: Between-individual polarization at each round.

3.2 Echo Chambers and Belief Polarization

Results from both experiments show that the wisdom of crowds in networks is robust to political
partisan bias. We find that an increase of in-group belief similarity generates improvements at both
the group level and the individual level. One risk, however, is that this increase of in-group similarity
is accompanied by a decrease in between-group similarity, thereby increasing belief polarization even
as groups become more accurate. To measure belief polarization, we conduct a paired analysis for
each experiment matching the 12 Republican networks with the 12 Democrat networks (based on trial
number, as per our pre-registered analysis).

We measure belief similarity in two ways. First, we measure similarity between the mean Republi-
can belief and the mean Democrat belief. This metric reflects polarization at the group level. Second,
we measure the average pairwise similarity comparing the difference between all possible cross-party
pairs of individual Democrats and republicans. This metric reflects the expected distance between the
belief of a randomly selected Democrat and a randomly selected Republican, e.g. two people meeting
by chance in a public forum. As shown in Figure 1, social influence decreased both between-group dif-
ferences (P<0.01 set 1, P<0.02 set 2) and between-individual differences (P<0.001 both sets) despite
increased in-group similarity. In contrast, control groups showed no significant change, and in fact
showed a nominal increase in polarization in most cases.

4. DISCUSSION

There are many ecological limitations to generalizing from a laboratory experiment, and our results
may not hold in all possible empirical settings. However, prior theories on political polarization [Sun-
stein 2009] argued that the mere existence of politically homogeneous “echo chamber” networks is
sufficient to amplify partisan biases and undermine the wisdom of crowds. In contrast, we found that
individuals embedded in homogeneous social networks became more accurate and less polarized as
a result of social influence. Our results therefore shift the scholarly agenda away from the mere ex-
istence of echo chambers, and draw attention instead to the question of when–if ever–the wisdom of
partisan crowds will fail.
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