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1. INTRODUCTION

Decades of research has argued that social information exchange can improve judgement accuracy
as measured at both the group level and the individual level. However, we show both theoretically
and empirically that this effect is limited to numeric judgements. In discrete choice estimates, also
known as classification tasks—such as yes/no decisions, or selecting the better of two options—social
influence simply amplifies the majority opinion, regardless of the accuracy of that opinion. As a result,
initially inaccurate groups become less accurate after social information exchange but display stronger
consensus. This effect is not due only to the type of information exchanged, but applies more generally
to any case where group members are polled on a discrete choice, as in a voting process. These results
point to the need for a contingency theory of collective intelligence identifying the types of decisions for
which social information processing can improve outcomes. In the case of estimation accuracy, these
results also point to a simple but effective strategy: organizations should focus on aggregating beliefs
about numeric quantities, and avoid framing problems as a discrete choice until as late as possible in
the decision process.

1.1 Background

The well known “Wisdom of Crowds” theory is based on the robust empirical finding that the average
judgement for a large group of people can be more accurate than any one individual or expert within
the group [Page 2007; Galton 1907]. A longstanding concern was that social influence dynamics—e.g.,
through communication and information exchange—could undermine the wisdom of crowds [Janis
1982; Lorenz et al. 2011]. However, experimental evidence has shown that carefully structured com-
munication not only mitigates the risk of groupthink but even allows interacting groups to become
more accurate than collections of independent individuals [Becker et al. 2017; Gray et al. 2015; Farrell
2011; Gustafson et al. 1973; Jayles et al. 2017]. This research has shown that the wisdom of crowds
can produce true “collective intelligence” and not merely “collected” intelligence.

Research showing that the wisdom of crowds is robust to social influence holds immense practical
importance, because preventing people from communicating is infeasible in many empirical contexts
such as organizations and democracies. However, these studies all share a crucial limitation: they
consider only numeric estimation tasks, e.g. estimating the payoff of a given investment or the proba-
bility that a person has some disease. In practice, however, decisions are frequently framed as discrete
choice, also known as classification tasks, e.g. deciding whether or not an investment will return a
profit or whether a medical patient needs treatment. Even when estimation tasks are explicitly framed
as numeric estimates, people tend to approach them as discrete choice tasks [Fisher and Keil 2018].
Therefore, identifying the effect of information exchange on discrete choice is critical to determining
whether the wisdom of crowds is robust to social influence.
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1.2 Theoretical Predictions

We begin by studying formal theoretical models on the effect of social influence on discrete choice. Prior
statistical models show that group opinions tend toward the majority opinion, but these do not account
for empirically observed variation in individual behavior, including a correlation between accuracy
and response to social information (5). To test the robustness of this prediction, we simulated opinion
dynamics under a range of possible conditions. Surprisingly, we found that all of these conditions
produced a majority-rules outcome, including those in which accurate individuals were less likely to
change their belief. The majority-rules outcome emerges as long as one simple condition holds: people
do not change their belief when the majority of their peers share their opinion.

To calibrate our theoretical predictions, we first completed a pre-registered pilot experiment in which
subjects were shown fake social information, ranging from 10% agree (90% disagree) to 90% agree (10%
disagree). Except for the fact that social information was faked, the pilot experiment procedure was
identical to the main experiment described below. Predictions from this empirically calibrated model
are shown in Figure 1, black line.

2. EXPERIMENTAL DESIGN

We conducted a pre-registered web-based experiment to test the effect of social influence on belief ac-
curacy for classification tasks. Subjects were recruited from Amazon Mechanical Turk (MTurk) and
prompted to complete a two-option discrete choice estimation task. These tasks asked subjects to esti-
mate a numeric value by indicating whether they thought the value was higher or lower than a given
threshold. For example, in one task subjects were shown a jar of M&M candies and asked to indicate
whether they thought there were greater or fewer than 350 candies in the jar. To ensure variation
in initial accuracy, we used 5 different questions on topics such as nutrition, economics, and public
opinion. To further increase variation in initial accuracy, we used 3 different over/under thresholds for
each question, producing 15 unique question/threshold pairs. We ran 3 trials per question/threshold
pair, for a total of 45 trials.

One trial consisted of 20 subjects simultaneously completing an estimation task. After first provid-
ing an independent estimate, subjects were shown the responses all other subjects and prompted to
revise their estimate. This process was then repeated, such that subjects provided 1 independent es-
timate and 2 socially influenced estimates, following previous research on numeric estimates (5). To
incentivize accuracy, subjects were paid for a correct answer in each round. Subjects were given 45
seconds per round.

3. RESULTS AND DISCUSSION

3.1 Forming and Exchanging Discrete Choice

Figure 1 shows outcomes for our experimental trials laid on top of theoretical predictions based on our
pilot experiment. As predicted, initially accurate groups became more accurate as a result of social
influence, while initially inaccurate groups became less accurate (P<0.01). Surprisingly, this dynamic
occurs despite the observation that subjects who were initially correct were less likely to change their
answer than subjects who were initially incorrect (P<0.01).

3.2 Polling Discrete Choice after Exchanging Numeric Estimate

One possible conclusion from these results is that people should discuss and exchange numeric esti-
mates before taking a vote on a discrete choice preference. However, we find in simulation that this
process would still enhance the majority opinion, regardless of accuracy. To test this argument empir-
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Fig. 1. Information exchange reduces the accuracy of classification estimates, regardless of whether subjects directly exchange
discrete choice estimates or whether they exchange numeric estimates and are then polled on their discrete choice. LEFT:
Colored points show experimental outcomes, with each color corresponding to one of the five question topics. Red line shows
polynomial best fit to experimental results. Black line shows pre-registered theoretical predictions (grey bar shows 95% predic-
tion interval). RIGHT: Reanalysis of prior experimental data [Becker et al. 2017], showing the change in discrete-choice accuracy
after individuals exchanged numeric estimates

ically, we re-analyze publicly available data from a previous experiment in which people exchanged
numeric estimates [Becker et al. 2017].

To understand how the exchange of numeric estimates can impact an eventual voting process, we
pose the hypothetical question: what would subjects have answered for an over/under threshold, based
on their numeric response? For example, if subjects are asked to estimate the number of candies in
a jar, they might give answers that range from 1 to 1000. Any number in that range could be a deci-
sion threshold. We pose this hypothetical on previous collected experimental trials. For each trial, we
tested decision thresholds spanning the range of the distribution, corresponding to the 100 centiles of
the response distribution. (I.e., values from 0.00 to 0.99 in the empirical quantile function.) We then
average the results across each trial of this previous experiment. We then measure the percentage of
individuals with estimates on the correct side of the threshold before and after information exchange.

Figure 1B shows the change in discrete-choice accuracy as a function of initial accuracy for this re-
analysis of previous experimental data. As predicted, groups that were initially accurate became more
accurate, while groups that were initially inaccurate became less accurate. Overall, the results are
very similar to our experiment in which we directly asked people to make discrete-choice, classification
estimates. Remarkably, we observe this dynamic in discrete choice voting despite fact that the mean
numeric belief improved after information exchange.

3.3 Discussion

The group dynamics of discrete choice are risky because social influence can amplify an initial majority,
even if that majority is due to sheer random fluctuation. For example, one experimental trial began
with a 53% majority for the incorrect opinion that ballooned to a robust 74% near-consensus after
information exchange. On another day, the group may have gone in a completely different direction, if
just one person had a different initial opinion. Even information exchange on numeric beliefs produces
similar dynamics when that information exchange precedes a majority vote. Groups wishing to take
advantage of the wisdom of crowds should therefore aggregate information with as much detail as
possible.
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