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possible combinations). The order of presentation was 
randomized both within the first set of prior judgments 
and the later set of updated judgments.

To ensure that our stimuli spanned multiple domains 
and confidence levels, we sampled trivia from the Gen-
eral Knowledge Norms data set (GKN; S. K. Tauber 
et al., 2013), which provides updated information on 
the original set of 300 general-information questions 
from Nelson and Narens (1980). These questions span 
a wide variety of domains, including history, sports, art, 
geography, literature, and entertainment, and the GKN 
includes a variety of measures, such as people’s confi-
dence in their beliefs about each item. We uniformly 
sampled 18 questions that evenly spanned the range of 
confidence to use in our study. This resulted in a diverse 
set of statements; participants would have very strong 
priors on some of them (hence, they would be able to 
easily identify the statements as true or false), but they 
would lack informative priors on others (and hence 

would not be confident). Using this diverse set increases 
the odds that the predictive comparisons of our models 
would generalize across issues on which people have 
weak and strong priors.

To generate true and false items, we used data in the 
GKN to rank questions by prior confidence. Starting 
with the most well-known item, we generated false 
answers to every other statement in the ranking, and 
the rest were paired with correct answers, resulting in 
nine true and nine false items. Some of the false answers 
were generated to be obviously false (e.g., that venison 
is the name of ox meat—when it is actually the name 
of deer meat), whereas others were false in more subtle 
ways (e.g., that the Bismarck is the name of a German 
battleship that was sunk in World War I—when it was 
actually sunk in World War II). This variance prevented 
falsity from being confounded with the strength of prior 
knowledge: If all statements were obviously false, even 
otherwise unknown trivia items would become obvious 
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Fig. 5.  Human judgments and model predictions across opinion distributions in 
Experiment 2. This contour plot shows model predictions and participant judgments 
across all opinion distributions for juries up to 60 members. The participant plot 
shows a linear interpolation of mean judgments on the square grid. Visually, Bayes 
corresponded most closely to human judgments. Our first hypothesis was that the 
Bayesian model would be the best predictor of judgments (i.e., would produce the 
lowest Akaike Information Criterion score), and our analyses support this: Bayes 
once again best predicted mean judgments across opinion distributions (see Fig. 
6 for comparisons of AIC scores, and see Fig. S5 in the Supplemental Material for 
a regression table). UPCO = updating on the credences of others.
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(e.g., if the warship item had read, “Bismarck is the 
name of the Saudi Arabian battleship sunk in World 
War I,” it would have become a trivially easy item).

The final set covered statements that are both well 
known (e.g., “POPEYE IS THE NAME OF THE COMIC 
STRIP CHARACTER WHO EATS SPINACH TO INCREASE 
HIS STRENGTH”), partially known (e.g., “CANBERRA 
IS THE CAPITAL OF AUSTRALIA”), and relatively 
unknown (“DITHERS IS THE LAST NAME OF DAG-
WOOD’S MAID IN THE COMIC STRIP ‘BLONDIE’”; see 
Supplemental Materials F for a list of all statements).

Participants first provided their prior truth judgments 
for the statements (“Based on your prior knowledge, 
how likely do you think it is that this statement is true?”) 
on a truth slider scale ranging from definitely false (0) 
to definitely true (100). They then provided their con-
fidence in their prior judgments (“How confident are 
you in this response?”) on a scale ranging from not at 
all (0) to extremely (10). They then learned about the 
panel’s opinion distribution and provided their final 
judgments using the same truth scale:

In this round of Know-off, the following statement 
was shown to the contestant: [STATEMENT]. For 
this question, [NX] members of the audience were 
chosen as members of the jury. [X1] of them 
thought that the statement was true. [X0] of them 
thought that the statement was false. How likely 
do you think it is that the correct answer was true?

The 18 true/false combinations for the jury (corre-
sponding to [NX], [X1], and [X0] above) were taken from 
Experiment 1. The order in which statements were pre-
sented was randomized both within each experiment 
(across the prior and posterior measures) and across 
participants. Participants then provided demographic 
information.

Note that we need to infer participants’ prior distri-
butions from their judgments to fit the Bayesian 
model—we describe our preregistered method for fit-
ting these distributions in Supplemental Materials G, 
and we also provide details on the fitting of all three 
models. Importantly, we explicitly emphasized in our 

Model Bayes Competence UPCO

a

b

Competence (C)

UPCO (U)

C + U

Bayes (B)

B + U

B + C

B + C + U
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�300 �600 �900 Better
Fit

Akaike Information Criterion
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Deviation

0 25 50 75 100
% of Participants Best Captured by Model

Fig. 6.  Model and ensemble comparisons from Experiment 2. In (a) we show 
Akaike Information Criterion (AIC) values for regressions predicting judgments 
from model predictions and linear combinations of models (because smaller AIC 
values indicate better fit, the horizontal axis has been flipped). Bayes was the best 
individual predictor, but it was outperformed by ensembles. In (b) we illustrate 
which model best captured inferences at the level of individual participants. B = 
Bayes; U = UPCO, updating on the credences of others; C = Competence.
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instructions and comprehension checks for this study 
that the jury members deliberated independently (see 
Supplemental Materials F—Experimental Preamble).

Results

We first verified that the trivia we sampled spanned a 
range of prior beliefs, from statements generally known 
to be true or false to highly uncertain statements. The 
distribution of judgments indicates that we successfully 
sampled a diverse set of items (see Fig. 7).

We then investigated which models best predicted 
participants’ responses by conducting the same AIC-
based comparisons of individual models and ensembles 
used in Experiment 2. We opted to conduct our analysis 
across all judgments because most participants received 
unique combinations of opinions and statements, which 
reduced the informativeness of mean comparisons. As 
with our prior studies, we hypothesized that the Bayes-
ian model would best predict judgments but were 
agnostic with regard to whether ensembles would out-
perform individual models.

Our results supported this hypothesis, as the Bayes-
ian model had the best individual predictive perfor-
mance. Moreover, we obtained largely the same ordering 
of model performance as in Experiment 2, with ensem-
bles boosting the performance of the Bayesian model 
(see Fig. 8 for comparisons of AIC scores and Supple-
mental Fig. S11 for a plot of all judgments).

Note that the AIC scores in Figure 8 are estimates from 
a fixed-effects analysis with the three models as predic-
tors. It is important to note that including random inter-
cepts for items and participants in a more comprehensive 
mixed-effects model did not change the predictive order-
ing of models or any conclusions (see Supplemental Figs. 
S12 and S13 for both regression tables and a discussion 
of our preregistered analysis plan).

Beyond replicating comparisons across our three 
models, these data allowed us to investigate how the 
Bayesian model would compare to purely proportion- 
and prior-based heuristics. In our previous studies, the 
Bayesian model’s predictions were difficult to disen-
tangle from proportion-based heuristics, because of the 
absence of prior information. We hypothesized that 

Photosynthesis
Chameleon

Venison
Nomads

Huxley
Canberra

Dithers
Ederle
Luther
Harvey
Beagle
Francis

Bismarck
Marlboro
Hancock
Franklin

Wright
Popeye

0 .25 .5 .75 1
Truth Estimate

0

.25

.5

.75

1
Con�dence

Fig. 7.  Prior truth judgments for trivia statements used in Experiment 3. Participants’ 
truth judgments for the chosen trivia statements show that our stimuli span truth 
inferences (from definitely false to definitely true) as well as confidence levels (from 
not at all confident to extremely confident). Points were slightly jittered to display 
overlapping data; black points show mean truth inferences with bootstrapped 95% 
confidence intervals. Each row plots responses to a particular item; Supplemental 
Materials F contains further details on these items.
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participants’ inferences would be better characterized 
by the Bayesian model than by heuristic strategies that 
did not integrate prior knowledge with the data.

Our results supported this prediction. The propor-
tion heuristic AIC ≈( )1722  and the prior heuristic 
AIC ≈( )922  underperformed relative not just to the 

Bayesian model AIC ≈( )410  but also relative to UPCO 
AIC ≈( )497  and Competence AIC ≈( )507  across the 

same regression-based comparisons (lower AIC values 
indicate better predictive performance).

We also hypothesized that the Bayesian model would 
best characterize individual participants’ inferences. 
Our data supported this hypothesis as well, with Bayes 
best capturing 43% of participants’ estimates in terms 
of correlations and 48% in terms of deviations. In par-
ticular, Bayes outperformed the other models in cases 
of large updates (see Supplemental Fig. S14). Yet there 
is a decrease in the proportion of participants best 
characterized by Bayes from Experiment 2, which sug-
gests that more participants utilize heuristics for the 
more complex judgments in Experiment 3.

Discussion

This experiment shows that the Bayesian model best 
predicts inferences even when participants must inte-
grate prior beliefs with aggregated opinion. Once again, 
the best-performing model is an ensemble enriched by 
other models, because of heterogeneity across partici-
pants’ strategies.

General Discussion

How do our opinions reach beyond the horizon of our 
experiences? Past work has emphasized that we learn 
much of what we know from others—often through 
local, social interactions (Harris et  al., 2018), and 
increasingly through exposure to the aggregated views 
of many others (through likes, polls, and reviews;  
Kozinets et  al., 2010). Recent work has investigated 
learning from aggregated opinion and reached diverg-
ing conclusions—people seem radically insensitive to 
aggregated opinion in some cases, and overly sensitive 

Competence (C)

UPCO (U)

U + C

Bayes (B)

B + U

B + U + C

B + C

Worse
Fit

800 700 600 500 400 Better
Fit

Akaike Information Criterion

Correlation

Deviation

0 25 50 75 100
% of Participants Best Captured by Model

Model Bayes Competence UPCO

a

b

Fig. 8.  Model and ensemble comparisons from Experiment 3. In (a) we show Akaike 
Information Criterion (AIC) values for regressions predicting judgments from model 
predictions and linear combinations of models (because smaller AIC values indicate 
better fit, the horizontal axis has been flipped). Bayes was the best individual pre-
dictor, but it was outperformed by ensembles. In (b) we show which model best 
captured inferences at the level of individual participants. B = Bayes; U = UPCO, or 
updating on the credences of others; C = Competence.
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in others. To reconcile these findings, we proposed a 
Bayesian model of learning from aggregate opinion and 
conducted three experiments to compare the predic-
tions of this model with human judgments. Across all 
experiments, we found the strongest concordance 
between participants’ judgments and the predictions of 
the Bayesian model over two tested alternatives, though 
many participants utilized alternative strategies, and 
models performed best in predicting aggregate judg-
ments. Importantly, the predictive success of the Bayes-
ian model does not necessarily indicate that people are 
performing Bayesian inference, as this model results in 
a simple strategy for combining priors and proportions. 
The Bayesian analysis does explain, however, why 
people might follow this strategy: it corresponds to a 
reasonable statistical inference (for further discussion, 
see Marr, 1982; S. S. Tauber et al., 2017).

These results raise important questions. First, how 
can people’s inferences be best characterized by a 
Bayesian model, when prior work has found that people 
over- or underweight aggregated opinion? Our formal 
analysis highlights three factors as potential explana-
tions for this discrepancy: prior beliefs about controver-
sies, the reliability of disagreeing parties, and dependency 
structures across informants. For instance, strong prior 
beliefs about controversies (e.g., climate change) can 
lead people to persist in their views amid disagreement 
and hence appear insensitive to aggregated opinion 
(Oktar & Lombrozo, 2022). On the other hand, prior 
belief in the independence of news sources can lead 
people to draw strong conclusions from aggregated 
opinion (Desai et al., 2022). Relatedly, the complexity 
of the task may matter: We found that more participants 
relied on alternative heuristics in Experiment 3, poten-
tially because of the increased demands of integrating 
prior information with opinion data. Whether people’s 
views are well calibrated can therefore be adjudicated 
only on a case-by-case basis, through modeling and 
measurement of factors such as informant reliability 
(Landrum et al., 2015) and dependency (Whalen et al., 
2018). Future work could explore cross-cultural and 
contextual variance in inferences as well as departures 
from the assumption that the distribution of opinion 
directly maps onto the probability of truth.

Second, do our results generalize to real-world opinion- 
aggregation problems? The answer depends on the 
extent to which a particular problem matches our task. 
For instance, the results of Experiment 3 suggest that 
the Bayesian model will perform well in predicting how 
people utilize aggregate opinions in actual trivia con-
tests, as our task is isomorphic to the inference problem 
posed in this case (e.g., the “ask the audience” lifeline 
in Who Wants to Be a Millionaire?). When it comes to 

real-life controversies such as abortion, however, gen-
eralizability is an open question, given differing 
assumptions about the reliability (Hartman et al., 2022) 
and dependence ( Judd & Park, 1988) of disagreeing 
others, as well as variation in the aggregation and pre-
sentation of opinions (Fisher et  al., 2018). Moreover, 
the psychology of controversy is clearly shaped by fac-
tors beyond the epistemic—such as inferences about 
an issue’s subjectivity (Oktar & Lombrozo, 2022). Our 
experimental paradigm can be adapted to investigate 
the influence of many such factors.

With widening rifts of opinion corroding the founda-
tions of many democracies across the globe, elucidating 
when and why we learn from controversy (i.e., polarized 
aggregated opinion)—or fail to do so—is becoming an 
increasingly important goal. Our work advances this aim 
with both methodology and theory. Methodologically, 
our approach demonstrates how formal theories can be 
combined with experimental data to systematically inves-
tigate questions about mass opinion. Theoretically, we 
have identified key factors underlying inferences from 
aggregated opinion, and we have shown that in simple 
cases many people can draw Bayesian inferences across 
opinion distributions. This suggests that persistence amid 
controversy is grounded in rich inferences about reli-
ability, dependence, and beyond, rather than an inability 
to draw inferences from aggregated opinion.
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