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Abstract

We design experiments to study information processing through interconnected
channels. About half of our subjects successfully back out the underlying informa-
tion in a class of problems previously studied in the correlation neglect literature.
We attribute their success to the application of a simple algorithm. Outside this
class of problems, when the algorithm cannot be applied, yet Bayesian updating
is similar, no subject solves any problem exactly, and those who originally suc-
ceeded fair no better than others. We also directly elicit comparative statics of
a subject’s estimate. Most subjects, including those who succeed in the baseline
problems, fail to consistently identify the directional effects of signal changes on
their solution, suggesting they do not understand the properties of the algorithm
they use. We conclude that in problems that more closely resemble estimation
tasks outside the lab, our subjects largely fail to understand some basic properties
of Bayesian updating.
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1 Introduction

We are interested in situations where a decision maker accesses information
through several channels and must consider how to combine the resulting signals.
Before a consumer makes a purchase, they may observe professional and user re-
views evaluating various options. Similarly, an investor can acquire ratings and
sector forecasts before taking a financial position. Opinions on social phenomena
such as vaccine efficacy, political policies, and historical events are often influ-
enced by views expressed on social and traditional media platforms. The signals
arising through such channels are generally interdependent, as various channels
rely partially on common sources.

We design and implement a battery of experiments in an environment meant
to capture an abstract representation of these examples. The decision problems
are based on a simple concrete mechanism in which the signal structure is modeled
through an exogenous network. The subject’s task is to estimate an average of
several (normally distributed) i.i.d. information sources. Rather than directly
observing the sources, the subject observes a set of signals, where each signal
produces an average of a given subset of sources. In this context, the optimal
estimate is a linear function of the signals, though generally not a simple average,
as signals can (i) have different precisions due to averaging different numbers of
sources, and (ii) be positively correlated due to sharing sources in common.

At the heart of our design are four structures that we call “Conclusive Prin-
cipal Structures”, which include the main structure from Enke and Zimmermann
(2019). Each structure can be represented as a matrix that encodes which sig-
nals are connected to which sources and can be solved through elementary linear
methods. But from a behavioral perspective, these problems are non-trivial for
many people. About half (49%) of our observations in the Conclusive Principal
Structures are rational. A preliminary but crucial conclusion is that the remain-
ing, non-rational responses are highly heterogeneous and inconsistent across tasks
at the individual subject level. Previous literature has focused on the role of
correlation neglect in driving a wedge between Bayesian updating and observed
behavior and concluded that an extreme form of such a bias can explain much
about non-rational behavior. Our data is similar across the four Conclusive Prin-
cipal Structures, and the hypothesis that behavior can be largely explained by
correlation neglect, or by a simple averaging of the signals, is strongly rejected.

We identify a second bias, which we call precision neglect, in which a decision-
maker under-appreciates the differential informativeness of signals. In two se-
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quences of the simplest possible problems that allow us to explicitly elicit a sub-
ject’s understanding of precisions and correlations, we find that both correlation
neglect and precision neglect are important determinants of behavior. Yet even
the combination of these two biases is not nearly enough to provide a convincing
account of the distribution of responses in the Conclusive Principal Structures.
Furthermore, since our design is within-subject, we are able to estimate the joint
distribution of the two biases in our population, and show that these biases are
strongly related to behavior in the Conclusive Principal Structures.

These findings lead us to novel and qualitatively different conclusions about
how experimental subjects process related channels of information. The remain-
der of our analysis is built around the theme of understanding more deeply how
subjects think about updating when confronted with interdependent sources of
information. Our central finding is that subjects’ ability to solve these problems
relies on implementing a simple algorithm that applies only when posterior beliefs
are degenerate. As such, our subjects’ success is remarkably fragile, and does not
carry over to settings that are similar, yet require a deeper understanding to solve.
We conclude that their partial success in the Conclusive Principal Structures lacks
robustness and is unlikely to meaningfully extend into areas of normal life.

The findings that support this conclusion are based on two extensions of the
experimental design beyond the Conclusive Principal Structures. The first ex-
tension is to a set of four Inconclusive Principal Structures, each of which is
obtained by removing one signal from its paired Conclusive Principal Structure.
In these problems, the Bayesian posterior is non-degenerate, i.e., the realizations
of the sources cannot be exactly determined from the signals. The eight Principal
Structures are depicted in Figure 2.

The estimates subjects provide in the Inconclusive Structures are quite dif-
ferent. None of our subjects exactly solve these problems, despite the fact that
the Bayesian posterior expectation remains a linear calculation. Furthermore, the
subjects who succeed in the Conclusive Principal Structures fair no better in the
Inconclusive Principal Structures, on average, than the others. The Conclusive
Structures can be solved via a simple algorithm that identifies a source whose
realization can be readily and exactly determined. This value can then be used
in combination with another signal to exactly determine the value of a second
source, and so on, until the realizations of all sources are known, after which they
are averaged. For example, in CON1 of Figure 2, Source 2 can be directly inferred
from Signal 2. Once Source 2 is known, one can use Signal 1 to deduce Source 1,
and can use Signal 3 to deduce Source 3. We suggest the following explanation of
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our data. About half of our subjects identify and apply this algorithm, arriving
at correct answers to Conclusive Structures. However, the ability to identify and
implement this algorithm confers no ability to solve an Inconclusive Structure,
nor even any marginal advantage over subjects who do not use the algorithm.

The final experimental domain is designed to identify how subjects think about
the comparative statics of their estimates. Rather than ask a subject for a point
estimate corresponding to a particular realization of signals, we instead effectively
ask the subject to provide a linear function of the signals before they are realized.
The subject provides the coefficients, which dictate the partial derivatives of their
estimate with respect to each signal. This methodology addresses the identifi-
cation problem whereby, in the baseline case, it is not obvious how each signal
influences a subject’s estimate. In this ex ante form, subjects directly report the
weight of each signal in their final estimate.

We find that very few of the subjects understand the appropriate weights to
attach to signals, which carries the implication that they do not understand the
comparative statics properties of the problems they face. Not only do the assigned
weights differ quantitatively from those of a Bayesian, but subjects often assign
weights with the opposite sign. Although subjects who succeed in the Conclu-
sive Principal Structures are more likely to answer these questions qualitatively
correctly, between two-thirds and three-fourths of such subjects assign weights
with the wrong signs. We conclude that, for most subjects, the ability to solve
a specific instance of a problem does not signify an understanding of the basic
qualitative features of the problem.

The success we observe in the Conclusive Principal Structures, which is very
much in line with previous literature, thus seems to have fairly narrow limits. Our
view is that the ability to apply the algorithm described above is not likely to be
important in problems outside the lab where interdependent information sources
must be combined to form a posterior. Instead, the skills likely to translate to
more general success are related to having a sound qualitative understanding of the
implications of correlations and precision differences across information channels.
Possession of these skills is rare in our data and mostly not signified by success in
the Conclusive Principal Structures. We suggest that the Inconclusive Structures
and the ex ante form of elicitation each yield better proxies for measuring those
skills, and we therefore reach much more conservative conclusions about subjects’
understanding of these problems.

We are not the first to propose an experimental study in this kind of environ-
ment. The most closely related work is Enke and Zimmermann (2019) (Hereafter
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EZ), which is largely responsible for inspiring this work, and from which we borrow
certain important features of the experimental environment. The robust finding
from EZ is that approximately half of their subjects are rational, while the other
half display a bias in the direction of only partially accounting for the correlations
across reports, which they call “correlation neglect”. Our baseline experimental
design, and methods of data analysis, offer several important improvements over
the approach in EZ and are responsible, in part, for our substantively different
conclusions. One important observation is that, in EZ’s analysis, precision and
correlation biases are implicitly bundled together, and so there is no attempt to
disentangle the two phenomena.

Beyond the immediate connection with EZ, our paper contributes to the lit-
erature studying systematic errors in belief formation (see e.g. Moore and Healy
(2008); Esponda and Vespa (2014); Charness and Levin (2009); Charness et al.
(2010); Hanna et al. (2012); Garfagnini and Walker-Jones (2024); Agranov and
Reshidi (2024)). While this is a large and nuanced literature, one of its broad
goals is to understand how different biases contribute to behavioral phenomena
that arise from suboptimal information processing. We contribute to this agenda
by separately identifying a bias that relates to differential signal quality, “preci-
sion neglect”, and one that fails to account for common sources driving different
signals, “correlation neglect”. We jointly identify their distribution among our
subjects, showing how the biases combine to determine behavior, and how these
conclusions are affected by the statistical properties of the underlying problem.
In terms of the classification in the literature review provided in Enke (2024), we
find evidence that subjects use noisy approximations and that, in certain cases,
they resort to solving a simpler but related problem.

The behavioral patterns we identify in our experiments can have an impor-
tant impact on overconfidence. Ortoleva and Snowberg (2015) point out that
neglecting correlations among signals leads to overconfidence in one’s own beliefs,
which can translate into ideologically extreme views. Moore and Healy (2008)
find that the inability to fully understand signal precision is an important aspect
of overconfidence, which they call overprecision. ? find that subjects overweight
redundant information. The same phenomenon occurs in certain versions of our
treatments. In particular, we find that many subjects place positive weight on
redundant information (see Section 4.3).

We also contribute to the recent literature that studies behavioral responses to
complexity in the decision-making environment. For example, Arrieta and Nielsen
(2024) show that as a problem becomes more complex, the decision-making pro-
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cess becomes easier to describe. While our notion of complexity is different, we
also find evidence that as problems become more complex, as in the distinction be-
tween our Inconclusive and Conclusive problems, many subjects resort to simpler
strategies.

Our setting can be interpreted along the lines of social learning in networks (see
e.g. Choi et al. (2012); Chandrasekhar et al. (2020); Grimm and Mengel (2020);
Eyster et al. (2015); Eyster and Rabin (2014, 2010); DeMarzo et al. (2003)). How-
ever, note that our setting is simpler than a classical social learning environment
for at least two reasons. First, our subjects receive signals that are simple av-
erages of the underlying sources, rather than other agents’ actions, so the belief
formation process does not involve higher-order beliefs. Second, our subjects only
answer one question in each network structure, so the environment is static rather
than dynamic. Our paper focuses on how agents process information from a fixed
network, which can be seen as a fundamental part of dynamic social learning
problems that involve multiple agents and dynamic effects. In this simplified set-
ting, we find empirical evidence that is very much consistent with this literature.
For instance, Chandrasekhar et al. (2020) find that around 50% of subjects are
a “Bayesian type”. We similarly find about half of observations are rational in
our Conclusive Principal Structures. Grimm and Mengel (2020) point out that
both Bayesian and DeGroot learning models have limited power in predicting be-
havior in their setting and find that subjects take the correlation of neighbors
into account in a more rudimentary way than a Bayesian would. Their finding
is consistent with our results, in which agents are heterogeneous in their under-
standing of signal precision and correlation. Our environment is also related to
the persuasion bias proposed by DeMarzo et al. (2003). We find empirical ev-
idence consistent with this effect, where agents fail to account for repetition of
information, leading to well-connected sources having an exaggerated impact on
beliefs.

Still, the most closely related work to our own focuses on behavior directly re-
lated to correlation neglect. Eyster and Weizsacker (2016) study the consequences
of correlation neglect for financial decision-making. They directly test subjects’
attention to correlation and find subjects tend to ignore correlations and follow
a simple “1/N heuristic”. We find that this heuristic is followed by some subjects
in more complex problems. We clarify that this simple averaging does not arise
purely through correlation neglect, but instead arises from the combination of
correlation neglect and precision neglect. Hossain and Okui (2024) study over-
precision and correlation neglect in financial decisions. Similar to our point, they
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argue that correlation neglect should not be studied in isolation from mispercep-
tion of signal variance. They find that a model incorporating over-precision fits
their data best. In contrast, we do not find systematic over- or under-estimation
of precision when we estimate the distribution of biases associated with precision.
Instead, we find that subjects are inattentive to differences in precision across
information from different channels.

The rest of the paper is organized as follows. Section 2 summarizes the rele-
vant theory. Section 3 describes the experimental design. Section 4 presents the
experimental results. Section 5 concludes.

2 The decision-making environment

We now formally define the problems our subjects face. Let x ∼ N(0,σ2In)

be a vector of i.i.d normal variables. We call a realization of x, x̂, source infor-
mation, or just sources. Let ŷ = Γx̂ be a linear transformation of x̂, which we
call signals. We call the m × n matrix Γ an information network. We assume
throughout that n ≥ m, that the sum of each row and column of Γ is strictly
positive, and that Γ has full row rank. Let t = 1

n1 be the n× 1 target vector, so
that t′x̂ represents the mean of the sources 1

n

∑n
i=1 x̂i.

A decision maker who knows Γ and x ∼ N(0,σ2In) is incentivized (through
a quadratic loss payoff function) to estimate t′x̂ given ŷ. Formally, the subject’s
problem (P) is

argmax
a∈R

E[π(a, t′x̂)] =
∫

π(a, t′x̂)L(x̂|ŷ)dx̂ (P)

where π(a, t′x̂) = −(a − t′x̂)2, and L(x̂|ŷ) is the conditional likelihood of x̂
given ŷ under the prior information. Let a∗ = argmax

a∈R
E[π(a, t′x̂)] denote the

solution to this problem.

Proposition 1. We relate the subject’s estimation problem to the following distance-
minimization problem:

min
x̂∈Rn

x̂′x̂ (P1)

s.t. Γx̂ = ŷ

The solution to (P1) is given by

x̂∗ = Γ′(ΓΓ′)−1ŷ (1)
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and the solution to (P), the optimal a, is given by

a∗ = t′x̂∗ (2)

Proof. See the appendix for a proof of a more general result.

By assumption Γ has full row rank and so ΓΓ′ is invertible. Thus for any
signals ŷ and information network Γ that satisfy our assumptions above, Proposi-
tion 1 transforms a normal-quadratic utility maximization problem into a simpler
distance minimization problem, showing that the Bayesian estimate identifies the
x̂∗ that is closest to the prior, among the possibilities consistent with signals ŷ.
The solution x̂∗ is not necessarily equal to the realized sources x̂, and, in fact, in
some cases the decision maker is not able to recover x̂ from the available informa-
tion. Nevertheless the Bayes rational estimate a∗ = t′x̂∗ is of course well-defined.
Note also that x̂∗ is independent of σ2, the prior variance.1

We call a pair (Γ, t) conclusive if there exists a vector t̃ (m × 1) such that
t′ = t̃

′
Γ. In this case t′x̂ = t̃

′
Γx̂ = t̃

′
ŷ, so a∗ = t̃

′
ŷ recovers the mean of the

sources exactly (without necessarily determining the value of each source). Note
that conclusivity is weaker than invertibility of Γ. If Γ is invertible, then we
simply have x̂ = Γ−1ŷ, so that the vector x can be exactly determined from y.
All other (Γ, t) pairs are called inconclusive. An important distinction is that, for
inconclusive problems, the posterior beliefs are non-degenerate.

In addition to Bayes rational estimates, we will consider a naive model in
which the signals are simply averaged, effectively ignoring Γ. We call this behavior
Uniform. Notice that such behavior disregards both the correlations between the
elements of ŷ as well as the fact that they generally have different variances.
For this reason, we distinguish between correlation neglect and a separate though
potentially related bias, which we term precision neglect. See the appendix for
formal definitions of these behavioral patterns.

We now define notions of precision and correlation for a given information
network Γ. We use connectivity, κi, to describe the precision or informativeness
of signal ŷi, i ∈ {1, . . . ,m}.

κi =

n∑
j=1

1{Γij>0} (3)

Graphically, κi is simply the number of sources that signal i is connected to.

1Thus base-rate neglect, modeled as a decision-maker who believes x ∼ N(0, s2In), where s2 > σ2,
does not affect behavior, since x̂∗ is independent of s2.
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We use overlap, ωii′ , to describe the correlation between signals ŷi and ŷi′ ,
i, i′ ∈ {1, . . . ,m}, i ̸= i′, as

ωii′ =
n∑

j=1

[1{Γij>0} · 1{Γi′j>0}] (4)

Graphically, ωii′ is simply the number of sources that signals i and i′ share in
common.

3 Experimental design

The design has two treatments, which we refer to as Precision-Correlation
(PRE-COR) and Ex Ante. Both treatments share in common the eight Princi-
pal Structures. The PRE-COR Treatment includes two additional sequences of
problems, which we refer to collectively as the PRE-COR Structures. The Ex
Ante Treatment presents the Principal Structures in two additional phases after
the initial phase. The second phase presents the structures in an ex ante format,
where we elicit a weight for each signal separately. The third phase assesses sub-
jects’ confidence in their original estimate compared to the implied estimate from
the ex ante phase. See Figure 1 for a summary.

PRE-COR
Structures

Principal
Structures:
Ex Post

Principal
Structures:
Ex Ante

Section 4 Section 1 Section 2

Section 3

PRE-COR Treatment
Ex Ante Treatment

Figure 1: Summary of the experimental design.

The experiments were conducted asynchronously via Qualtrics, through which
we administered all instructions, a questionnaire, and payment. 99 subjects were
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recruited through the Missouri Social Science Experimental Laboratory Subject
Pool. In each section listed in Figure 1, a random question is selected at the end
of the experiment and subjects receive 5 − 0.2(a − a∗)2 dollars, where a∗ is the
rational solution and a is a subject’s answer. In the Ex Ante Treatment, since
we use the same realizations of Principal Structures in each section, we randomly
select 3 different structures across sections. Each session lasted about 60 minutes,
and the average payment was 14.75 USD.2

3.1 Principal structures

At the core of our design are four Conclusive Principal Structures and a set
of four paired Inconclusive Principal Structures. Subjects are given a graphical
representation of the information network as in Figure 2, and numerical signal re-
alizations ŷ (the circles) that are linear transformations (in fact, simple averages)
of a subset of sources x̂ (the squares) indicated by the links in the diagram. They
are told, in simple terms, that the sources are i.i.d. draws from a standard normal
distribution. They are asked to estimate the average of all sources, with payment
dictated by quadratic loss between the true value x̄ and their estimate, with a
lower bound at zero. Note that while our CON3 uses the same network as the
main structure employed by EZ, there are three important differences between
their design and our Principal Structures. First, our subjects are incentivized to
estimate the sample mean t′x̂ from a known distribution as opposed to estimat-
ing an unknown population mean. Second, because our underlying distribution
is fixed and known to the decision-maker, we avoid the inference complications
associated with tying the mean and variance of the underlying, unknown, distribu-
tion together. Third, our payment rule is quadratic loss, as opposed to quadratic
proportional loss, so that subjects are incentivized to report the mean of their
posterior beliefs. These differences bring our experimental design much closer to
EZ’s “Robustness Treatment”.

Of the four Principal Structures listed in the top row of Figure 2 (CON1 -
CON4), only CON2 has a matrix that is not invertible. Each Conclusive Prin-
cipal Structure is paired with an Inconclusive counterpart (INC1 - INC4) by re-
moving one link and one signal; these are depicted in the bottom row of Figure
2. Proposition 1 shows that the Bayes-rational estimate is a linear combination
of the signals and we call the coefficients attached to the signals weights. Notice

2Complete screenshots from the both treatments are available at
https://wustl.box.com/s/svqgzi0v6rgbkhqqsm3gsgi0nl217kuf.
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−1/2

CON3

x1

x2

x3

x4

y1

y2

y3

y4

3/4

0

0
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x3
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x1

x2

x3

x4

y1

y2
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3/10

INC2

x1

x2

x3

x4

y1

y2

y3

1/4

1/4

1/4

INC3

x1

x2

x3

x4

y1

y2

y3

1/2

−1/12

1/2

INC4

Figure 2: The four pairs of Conclusive and Inconclusive Principal Structures along with
the Bayes-rational weights attached to the signals.

that the number of signals and links contained in a Principal Structure strictly
increases from the left column of Figure 2 to the right column.

We now summarize the solutions to, and main properties of, the Principal
Structures.

Pair 1. The first pair contains the smallest conclusive and inconclusive prob-
lems. In fact, INC1 is the simplest possible inconclusive structure.3.

For CON1, we have Γ =


1
2

1
2 0

0 1 0

0 1
2

1
2

, t =
(
1
3

1
3

1
3

)′
.

Since Γ is invertible, the solution can be obtained from x̂ = Γ−1ŷ. But notice
that the following algorithm can be applied. A subject can start by noticing
that y2 directly reports x2, i.e., x2 = y2. Once x2 is known, y1 and x2 can
be used to compute x1 = 2y2 − x2, and then, similarly, y3 and x2 can be used
to compute x3 = 2y3 − x2. We summarize this algorithm with the notation
y2 → x2 → y1 → x1 → y3 → x3. Notice that no such algorithm exists for

INC1. Still, INC1 can be represented as Γ =

(
1
2

1
2 0

0 1
2

1
2

)
, t =

(
1
3

1
3

1
3

)′
, and

3This is true under the following conditions: (1) All sources are connected to at least one signal.
(2) All signals are connected to at least one source. Then, a network needs to contain at least three
sources and two signals to be Inconclusive. Therefore INC1 is the simplest Inconclusive structure in
the sense it contains the least possible number of signals, sources, and links.
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Proposition 1 can be directly applied to compute the rational weights shown in
Figure 2. When we turn to the data, we note that it is possible, in principle,
to apply the algorithm described above, without solving CON1 in the sense of
Proposition 1 to obtain the rational weights depicted in Figure 2. Notice also
that the sum of the rational weights in any conclusive problem is 1, while the
sum of the weights in any inconclusive problem is strictly less than one, which is
manifested in this pair of problems, as well as in the following pairs.

Pair 2. CON2 is the only conclusive structure in our problems that is not
invertible. As a consequence, notice that while (x1 + x2)/2 can be exactly deter-
mined, and hence the target (x1 + x2 + x3 + x4)/4 can be exactly determined, it
is not possible to recover the exact realizations of either x1 or x2. For CON2, we

have Γ =


1
2

1
2 0 0

0 0 1 0

0 0 1
2

1
2

, t =
(
1
4

1
4

1
4

1
4

)′
.

The algorithm that can be used to solve CON2 in place of Proposition 1 is
y2 → x3 → y1 → (x1 + x2) → y3 → x4.

INC2 is represented as Γ =

(
1
3

1
3

1
3 0

0 0 1
2

1
2

)
, t =

(
1
4

1
4

1
4

1
4

)′
.

Pair 3. CON3 is the same structure employed by EZ. It can be solved by
y4 → x4 → y3 → x3 → y2 → x2 → y1 → x1. Alternatively, we can write

Γ =


1
2 0 0 1

2

0 1
2 0 1

2

0 0 1
2

1
2

0 0 0 1

, t =
(
1
4

1
4

1
4

1
4

)′
.

INC3 is obtained by removing signal y4. We have

Γ =


1
2 0 0 1

2

0 1
2 0 1

2

0 0 1
2

1
2

, t =
(
1
4

1
4

1
4

1
4

)′
.

Note that, as with INC1, the signals in INC3 are symmetric in structure, and
so the rational weights are equal across signals.

Pair 4. The final pair of problems are the largest, in terms of number of
links and signals. CON4 is the only principal structure to encode redundant
information. Notice that the optimal weights on signals 2 and 3 is zero. Indeed,
signal 1 reports the average of the first three sources and signal 4 reports the
fourth source, from which the optimal estimate is readily obtained. The algorithm
is y4 → x4 → y1 → (x1 + x2 + x3). The presence of signals 2 and 3, while
not necessary to recover the target average, do make the structure invertible, as
opposed to merely conclusive, since they allow an exact determination of each
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source. Thus, an alternative algorithm is y2 → x2 → y4 → x4 → y3 → x3 →
y1 → x1. The representation of CON4 is

Γ =


1
3

1
3

1
3 0

0 1 0 0

0 1
3

1
3

1
3

0 0 0 1

, t =
(
1
4

1
4

1
4

1
4

)′
.

INC4 is obtained by removing signal 4. Notice that INC4 is the only incon-
clusive structure with a negative weight. It is formally represented as

Γ =


1
3

1
3

1
3 0

0 1 0 0

0 1
3

1
3

1
3

, t =
(
1
4

1
4

1
4

1
4

)′
.

3.2 The Ex Ante Treatment

The Ex Ante treatment consists of three sections, numbered Sections 1-3 in
Figure 1, each of which uses the eight Principal Structures described above. In
Section 1, the problems are presented as described: the subject is given the struc-
ture of the problem, a realization of signals, and is asked to provide an estimate
of the target average. We refer to this as the ex post form. The ex post form is
the baseline; all Principal Structures are asked in this form at least once to all
subjects in both treatments. In Section 2, subjects are presented with the same
eight structures, but in ex ante form. The important distinction is that subjects
are asked to estimate the target average before the signals are realized. Thus
subjects are asked to provide a weight for each signal, according to which their
estimate will be constructed as the corresponding linear combination of signals
once they are realized. The elicitation mechanism is a graphical slider bar, with
a range of [−1, 1] and with no initial value selected as a default. The subject
also has a slider bar to attach to zero, the mean of the prior distribution. In
total, there are m slider bars for signals and 1 slider bar for the prior, so that
m + 1 quantities are elicited for each Principal Structure. Before answering ex
ante questions, subjects are told, in simple terms, that the optimal solution to
these questions can be achieved by linearly combining the signals. In Section 3,
we repeat the same problems in ex post form using the same signal realizations as
Section 1. In these repeated problems, subjects are reminded of their estimates
in Section 1 as well as their implied estimates using the weights they provided in
Section 2. Subjects are free to provide any estimate and are not constrained to
choose one of their previous answers. All feedback and payment information is
provided at the end of the experiment to minimize learning effects.
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3.3 The PRE-COR Treatment

The PRE-COR Treatment also contains the eight Principal Structures (in ex
post form). However, it begins with two sets of estimations, the Precision Sequence
(PRE) and the Correlation Sequence (COR), both of which are depicted in Figure
3.
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2/3
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1

PRE6
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COR1
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3/4

COR7

1
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Figure 3: PRE-COR Structures

The Precision Sequence is designed to measure, in a simple way that is closely
related to the Principal Structures, how well a subject understands variation in
the variance of a signal. Subjects are asked to estimate the average number in a
set of sources (the squares) given the value of a single signal (the circles). The
rational weight to attach to the signal i, κi

number of sources , strictly increases from
PRE1 to PRE6.
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The second set of questions, the Correlation Sequence (COR), is depicted in
the bottom two rows of Figure 3. Subjects are asked to estimate the value of a
signal (the black circles) given the value of the other signal (the white circles).
As before, the rational weight, ωii′

κi′
, weakly increases from COR1 to COR8, with

strict increases except for COR4 and COR5.
The design of the PRE-COR Treatment is summarized in the left-hand-side

of Figure 1. As in the Ex Ante Treatment, feedback and payoff information is not
revealed until the end of experiment to minimize learning effects.

4 Results

We begin with results from the four Conclusive Principal Structures at the core
of our design in Section 4.1. We then demonstrate, in Section 4.2, that behavior
in the Inconclusive Principal Structures is dramatically different, and we relate
the behavior in the Principal Structures to measures of understanding derived
from the PRE-COR Structures. We report the results of the Ex Ante Structures,
where behavior is again dramatically different from the CPS data, in Section 4.3.

4.1 Conclusive Principal Structures

Nearly one-half of subjects’ estimates in the four CPS are Bayes-rational: each
of 99 subjects faces four CPS problems and 180 out of 396 observations are Bayes-
rational. CON3 is the main structure employed by Enke and Zimmermann (2019),
and our finding that about half of subjects succeed is very similar to theirs, as
well as to Chandrasekhar et al. (2020). Moreover, this proportion is not special
to this particular structure: it is remarkably stable across the four problems. The
success rate in CON1, CON3, and CON4 range from about 45% to about 48%.
The success rate in CON2 is marginally lower, at about 40%, and this makes sense.
CON2 is the only CPS in which it is not possible to individually recover all source
realizations. Specifically, while the mean of sources 1 and 2 can be recovered
exactly, the individual realizations of those two sources cannot. We conjecture
that this distinction prevented some subjects from solving the problem. At the
individual level, slightly more than half of our subjects (53/99) provide two or
more Bayes-rational estimates, and about one-fourth (24/99) correctly solve all
four problems. The Wilson Score Test gives 95% confidence intervals on these
figures of [0.44%,0.63%] and [0.17%,0.34%] respectively.

Turning to the complementary observations, where subjects do not report the
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Bayes-rational estimate, our main conclusion is that this data is highly idiosyn-
cratic and cannot be readily explained by any simple model. The naive model of
simply averaging the reports, which we call Uniform, accounts for less than 10%

of the data in CPS.4

Structure BR (0.25 / 0.05) U (0.25 / 0.05)
CON1 48.5% / 45.5% 16.2% / 12.1%
CON2 45.5% / 40.4% 6.1% / 5.1%
CON3 53.5% / 48.5% 14.1% / 10.1%
CON4 47.5% / 47.5% 11.1% / 7.1%
Pooled 48.7% / 45.5% 11.9% / 8.6%

Table 1: Conclusive Principal Structure response frequencies

Table Notes : Data includes all 99 subjects from both the PRE-COR and Ex Ante
treatments. This table presents the percentage of subjects whose estimates for each
structure fell within a 0.25 and 0.05 radius of the point prediction of the Bayes-rational
(BR) and Uniform (U) models.

We collect these observations in the following:
Result 1: Across the four CPS, consistently, nearly half of the responses are

rational, while the complementary data are highly idiosyncratic.

4.2 Inconclusive Principal Structures

Recall that each CPS problem is paired with an IPS problem via the removal
of a single report and link. In each CPS, the Bayes-rational estimate can be
constructed through a simple algorithm that begins by using one report to exactly
identify one source. Once the first source is known, a second report can be used
to exactly identify a second source, and so on, until each source is known, after
which the mean is easy to compute.

A crucial aspect of the distinction between Conclusive and Inconclusive prob-
lems is that this algorithm fails. Indeed, neither the individual sources nor the
mean of these sources can be exactly identified in the IPS problems. Notice that
this distinction is not necessarily obvious in the representation of the problem’s
solution given in Equation (1).

This observation raises the following empirical question. When subjects cor-
rectly estimate the mean of sources in the CPS problems, do they succeed because

4Based on our independent analysis, this finding is also consistent with the raw data from Enke
and Zimmermann (2019).
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they understand the content of Equation (1), or do they succeed through the ap-
plication of the algorithm above? If it is the former, then the data in the IPS
problems should look similar to that in the CPS problems. If it is the latter, then
the data should reveal a different pattern of responses.

This distinction is fundamental to the interpretation of the CPS data. The
algorithm that can be applied to the CPS problems is arguably artificial and spe-
cific to the highly stylized problems presented in the laboratory. Conversely, any
application of these ideas outside the laboratory is likely to be more closely re-
lated to the IPS problems. Combining interdependent sources of information from
several experts requires a qualitative understanding of how their reports should
influence beliefs. In the absence of an explicit and precise statistical framework,
and where signals are likely to be transmitted noisily, most real-world problems
are inherently of the inconclusive variety.

Our central finding here is that subjects approach the IPS problems in a qual-
itatively different manner from the CPS problems. This difference has two main
consequences. First, the estimates in the IPS problems are much less precise.
Second, subjects are much closer to homogeneous in their ability to solve the IPS
problems; there is no longer any clear way to separate them in terms of success.

More specifically, when success requires high precision, performance in the IPS
problems is drastically lower than in the CPS problems. Out of the 4 · 99 = 396

observations, only 13 estimates (3.3%) are within 0.05 of the Bayes-rational report,
whereas the corresponding figure from the CPS problems is 180/396 ≈ 45.5%. No
subject produced more than one approximately rational estimate.5 We conclude
that, in sharp contrast to behavior in the CPS problems, none of our subjects are
exactly solving any of the IPS problems.

Apparently, the general solution represented by Equation (1) is elusive, and
some of our subjects can find it only when the algorithm can be applied.6 Subjects
seem to be instead using intuition to produce their estimates. Figure 4 summarizes
the distribution of responses in the Principal Structures. While their estimates are
not exact, they are perhaps surprisingly well distributed around the Bayes-rational
estimate. Notice also that the the naive behavior of averaging the signals, which
we call Uniform, becomes the modal response in IPS problems. To rationalize
Uniform averaging, a subject must treat the signals as i.i.d. or, in other words, to

5Using a wider interval of ±0.25, there was one subject (out of 99) who produced 3 estimates in
the vicinity of the rational estimate, perhaps demonstrating a strong intuition.

6Of course, our conclusions may or may not generalize to a setting where the incentives are much
higher.
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ignore both the correlations between them and the differences in their precision.

Figure Notes: This figure presents the
distribution of rescaled estimates for the
Conclusive, Inconclusive, and Pooled
Principal Structures. Each histogram
displays a stacked distribution
separating BR and Non-BR subjects.
The x-axis is scaled such that 0 indicates
the Bayes-rational estimate, and 1
corresponds to Uniform averaging of all
signals.

Figure 4: Distribution of Estimates on Principal Structures

To what extent do the subjects who succeed in the CPS problems do better in
the IPS problems? For these purposes, let us classify a subject as Bayes-rational
(BR) if they produce at least two estimates within ±0.05 of the Bayes-rational
estimate in the four CPS problems. We simply call the complementary group
Non-BR.7 Of our 99 subjects, 53 are classified as BR, and the remaining 46 are
classified as Non-BR. If we look at the number of IPS problems in which subjects
are close to the Bayes-rational estimate, there is no evidence that BR subjects are
better. When considering subjects’ mean absolute error (MAE), BR subjects do
marginally better, see Table 2, but this difference is not statistically significant
(the Mann-Whitney U-test gives a p-value of 0.48). Because we do not drop any
outliers in our analysis, we report these results in MAE which is more resistant to
outliers than mean squared error. Additionally, we use nonparametric statistical

7We have considered other definitions, and the conclusions are not very sensitive to changing either
the required number of correct answers, or the interval width considered to be correct.
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tests such as the Mann-Whitney U test and Wilcoxon signed-rank test throughout
our analysis in order to accommodate limited sample sizes. Where appropriate we
also conduct t-tests and paired t-tests. In all cases, results are qualitatively similar
and never result in a change of statistical significance at the 95% confidence level.

Group Subjects ≥ 1± 0.05 ≥ 2± 0.25 avg. MAE IPS
BR 53 4 3 1.77
Non-BR 46 9 5 2.05

Table 2: IPS Performance by CPS success

Table Notes: This table shows, for both BR and Non-BR subjects, the number of
subjects who estimated at least one IPS problem within 0.05 of the rational estimate,
at least two IPS problems within 0.25 of the rational estimate, and the average MAE
across the four IPS problems.

We summarize with the following:
Result 2: None of our subjects solve the IPS problems precisely. Their

methodology seems to be based largely on intuition, with some subjects relying
on a naive average. Those who succeed in the CPS problems do no better in the
IPS problems, and the population is much closer to homogeneous.

4.2.1 PRE-COR Structures

The Principal Structures suffer from an inherent identification problem. In
particular, when subjects perform poorly on these tasks, it could be due to some
combination of correlation neglect, precision neglect, or other biases. In order to
separately identify biases that relate to correlations and precisions we use smaller,
simpler structures, aimed at isolating the influence of these biases on the updating
process. We implement this in the PRE-COR Structures, which consist of the
Precision Sequence and the Correlation Sequence.

Referring back to Figure 3, the Precision Sequence (PRE) consists of six struc-
tures that each utilize a single computer report. In each case the Bayes-rational
estimate is simply a scalar multiple of the report. The profile of rational coeffi-
cients across the six structures is (1/4, 1/3, 1/2, 2/3, 3/4, 1). Note that, with the
exception of PRE6, these structures are inconclusive. These structures are de-
signed to isolate the influence of connectivity, as the signals vary in precision but
are not correlated. We call a subject precision-rational (P-R) if at least 3 of their
6 estimates are within the same 0.05 radius of the Bayes-rational estimate.
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The Correlation Sequence (COR) consists of eight structures, in which the
subject observes a single computer report and estimates the report produced
by a second computer. The Bayes-rational estimate is a scalar multiple of the
observed report, and the profile of Bayesian coefficients across the sequence is
(0, 1/4, 1/3, 1/2, 1/2, 2/3, 3/4, 1). These structures are also inconclusive. These
problems are designed to isolate the influence of correlations across signals, and
we call a subject correlation-rational (C-R) if at least 4 of their 8 estimates are
within 0.05 of the Bayes-rational estimate. Table 3 depicts the joint distribution
of success in these PRE-COR Structures.

C-R C-NR Total
P-R 43.2% 6.8% 50.0%

P-NR 15.9% 34.1% 50.0%
Total 59.1% 40.9% 100.0%

Table 3: Joint Distribution of PRE-COR Structure Rationality

It seems natural to conjecture that correlations are more difficult to under-
stand, as they explicitly involve the interaction of multiple signals. However, we
find some evidence in the opposite direction. Of the 44 subjects from the PRE-
COR Treatment, 50% are P-R and 59.1% are C-R. Since our design is within
subject, we can also compute the joint distribution of success in these PRE-COR
Structures. Of the P-R subjects, 86.4% are also C-R, whereas 73.1% of the C-R
subjects are also P-R. Because of this high correlation between P-R and C-R, only
3 of the 44 subjects are P-R and not C-R while only 7 are C-R and not P-R.

The PRE-COR Treatment allows us to directly compare a subject’s under-
standing of signal precisions and correlations from the PRE-COR Structures with
their responses in the Principal Structures. Table 4 summarizes Principal Struc-
ture performance by conditioning on subjects’ precision and correlation rational-
ity from the PRE-COR Structures. Here we see that subjects who succeed on
the PRE-COR Structures perform significantly better on the CPS (the Mann-
Whitney U test gives a p-value of 0.02). Naturally, this also means that subjects
who succeed on these structures are also more likely to be classified as "BR" by
performance on the CPS. However, this performance gap does not exist when
considering performance on the IPS.
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Group # obs # BR avg. MAE CPS avg. MAE IPS
P-R and C-R 19 13 1.25 1.66
Non-P-R and Non-C-R 15 3 3.26 1.62

Table 4: Mean Absolute Error (MAE) on Principal Structures

Table Notes: We are unable to comment on subjects who are P-R and not C-R or vice
versa because too few subjects fell into these categories (7 and 3 respectively).

Result 3: Some of our subjects exhibit a good understanding of both differ-
ences in signal precision and correlation between signals. These subjects perform
better than others on the CPS but not on the IPS.

4.3 Ex Ante Structures

We have thus far presented results from treatments that substantially general-
ize the domains in which correlation neglect has been previously studied, identified
an important distinction between conclusive and inconclusive problems, and con-
nected this with subjects’ basic understanding of the correlations and precisions of
signals. However, all of these designs face the inherent limitation that a subject is
combining multi-dimensional information into a scalar report, so that the analyst
can not identify how, exactly, a subject combines signals and a prior belief into
an estimate, which is, after all, the main task at hand.

Since we are interested in how a subject produces their report, our final treat-
ment asks the subject to assign a weight to each signal (and to the prior belief),
before the signals are realized.8 Using the notation of Section 2.1, we consider a
problem (Γ, t) to be parameterized by the vector y of reports, with the Bayesian
posterior expectation encoded by the function β(y) = a∗. In these problems,
subjects use slider bars to assign weights γ = (γ0, γ1, . . . , γm) to the prior expec-
tation of zero and the computer reports. Subjects are instructed that the expected
payoff-maximizing way to use the reports has this linear form, in which reports
that should be more influential receive weights of higher magnitude. Once the
reports y = (y1, . . . ym) are realized, and setting y0 = 0, the subject’s response is
computed as a = γ · (0, y) =

∑m
k=0 γkyk.

We have previously identified a set of Bayes-rational subjects who are able
to compute β(y0) for any given y0 in a CPS. Does this ability imply that those
subjects understand the qualitative features of the function β(·)? The Ex Ante

8This approach is analogous to the “strategy method” in game theoretic experiments, where a
subject is asked to report a plan for different paths of play, even though only one will be realized.
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Structures allows us to study this question by directly eliciting the weights that
dictate the comparative statics (partial derivatives) of β(·).

One way to summarize the qualitative findings of this exercise is to focus on the
sign (positive, negative, or zero) of the weights subjects assign, as this represents
arguably the most basic understanding of the comparative statics of the Bayesian
posterior estimate. Recall that the optimal weights are summarized in Figure 2.

Prior Positive Zero Negative
Subjects + 0 − + 0 − + 0 − + 0 −

BR 25.0% 65.0% 10.0% 83.3% 8.9% 7.8% 73.3% 20.0% 6.7% 61.1% 14.4% 24.4%
CPS Non-BR 52.0% 34.0% 14.0% 78.2% 5.3% 16.4% 80.0% 8.0% 12.0% 64.0% 9.3% 26.7%

Pooled 37.3% 50.9% 11.8% 81.0% 7.3% 11.7% 76.4% 14.5% 9.1% 62.4% 12.1% 25.5%
BR 44.2% 44.2% 11.7% 84.4% 8.5% 7.0% 63.3% 6.7% 30.0%

IPS Non-BR 42.0% 37.0% 21.0% 75.6% 3.6% 20.9% 76.0% 12.0% 12.0%
Pooled 43.2% 40.9% 15.9% 80.4% 6.3% 13.3% 69.1% 9.1% 21.8%

BR 83.9% 8.7% 7.4% 73.3% 20.0% 6.7% 61.7% 12.5% 25.8%
Pooled Non-BR 76.9% 4.4% 18.7% 80.0% 8.0% 12.0% 67.0% 10.0% 23.0%

Pooled 80.7% 6.8% 12.5% 76.4% 14.5% 9.1% 64.1% 11.4% 24.5%

Table 5: Distribution of weight signs

Table Notes: Reports are split into three categories according to the sign of their
coefficient in the Bayes-rational formula. Subjects are classified as BR or Non-BR by
CPS performance. Each entry gives the distribution of signs from the elicited weights
for the corresponding subject group and report type.

Table 6 summarizes the signs of elicited weights from the ex ante problems,
as a function of the sign of the optimal weight. The data is segregated by CPS
and IPS problems and by BR and non-BR subject classification. Consider as
a baseline the frequency of elicited positive weights when the optimal weight is
positive, which is 80.7%, pooling everything. The high success rate comes partly
from the fact that a positive weight is clearly the most natural conjecture. The
success rate drops to 24.5% for negative weights, and drops further to 14.5% when
the optimal weight is zero. Nonetheless it is clear that in the aggregate, subjects
are correctly responding to the optimal weight. The frequency of positive (nega-
tive/zero) weights is highest when the optimal weight is positive (negative/zero).
The main way in which the BR subjects substantially outperform the others is
that in the CPS problems, BR subjects are much more likely to correctly assign
zero weight when a piece of information is not relevant (the Mann-Whitney U
test gives a p-value of 0.003). This applies both to the prior beliefs and to several
signals in the CPS problems.9 .

9Also, BR subjects correctly assign a negative weight in the IPS problems more frequently than the
others, although their performance is nearly identical looking at negative weights in the CPS problems,
and there is only one signal in the IPS problems that has an optimal negative weight.
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Despite clear evidence that subjects are responding to the structure of the
problems, the subjects fail to match the sign more than half the time when the
optimal weight is negative or zero. In this sense, even of the subjects who can
compute β(y0) for any given y0, when asked in what direction their answer should
change if a given signal had taken a greater value, most would answer incorrectly
when the correct answer is either “lower” or “unchanged.” This suggests a lim-
itation of subjects’ abilities to reason about related problems in the real world,
where, for example, one may want to consider how their investment strategy might
change if a given forecast were to become more optimistic.

An alternative way to summarize the data is to look for “Bayes-monotone”
weights, i.e., profiles of weights that have the same rank order as the Bayes-
rational weights.10 Figure 5 shows the CDFs of the number of monotone profiles
(out of the eight principal structures) for BR and non-BR subjects. The distri-
bution of the number of Bayes-monotone profiles from BR subjects stochastically
dominates that of non-BR subjects, suggesting that, in aggregate, the BR subjects
are somewhat better approximating the properties of Bayesian updating.

10More specifically, a profile (γ0, γ1, ..., γm) of weights is called monotone if (i) for reports j, k whose
optimal weights are equal, |γj − γk| ≤ 0.05, and (ii) for reports j, k where the j’s optimal weight is
strictly greater than the k’s optimal weight, γj > γk.
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Figure Notes: This figure presents the
cumulative distribution functions of the
number of monotone profiles for the
Conclusive, Inconclusive, and Pooled Ex
Ante Principal Structures. Each solid
line represents the CDF of BR subjects’
monotone profiles. Each dashed line
represents the CDF of Non-BR subjects’
monotone profiles.

Figure 5: CDFs of the number of monotone profiles.

The implied estimates from the Ex Ante Structures are similar to the estimates
from the IPS baseline; see Figure 6. In this ex ante form, the CPS problems do
not appear to be substantially easier than the IPS problems, and subjects do not
precisely provide the Bayesian estimate in either case. BR and non-BR subjects
perform similarly, and the naive uniform averaging of signals is more prominent
in the IPS problems. This suggests that BR subjects who correctly solve the ex
post CPS problems are unable to extend the algorithm abstractly to essentially
replace realized signal values with variables in the ex ante CPS problems.
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Figure Notes: This figure presents the
distribution of rescaled implied estimates
for the Conclusive, Inconclusive, and
Pooled Ex Ante Principal Structures.
Each histogram displays a stacked
distribution separating BR and Non-BR
subjects. The x-axis is scaled such that
0 indicates the Bayes-rational estimate,
and 1 corresponds to Uniform averaging
of all signals.

Figure 6: Distribution of Implied Estimates on Ex Ante Principal Structures

We summarize in the following:
Result 4: Most subjects, including those who correctly solve the baseline CPS

problems, fail to consistently identify the directional effects that signals should
have on their estimates. Subjects who correctly solve the ex post CPS problems,
in aggregate, demonstrate a slightly better understanding of the properties of
Bayesian updating in the ex ante problems.

The Ex Ante Treatment included a final phase in which subjects were presented
with the same eight Principal Structures for a third time. This occurred before any
feedback had been provided, and subjects were told that the random realizations
were identical to those in the baseline ex post phase. In this third phase, subjects
were reminded on their screen of (i) the realized signals, (ii) the estimate they
provided in the ex post Phase 1, and (iii) the estimate generated by the formula
they provided in the ex ante Phase 2.

Overall, only 10.3% of all estimates provided were outside of the interval
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Ex Post Ex Ante Between
BR Non-BR Pooled BR Non-BR Pooled BR Non-BR Pooled

CPS average 69.2% 30.0% 51.4% 7.5% 13.0% 10.0% 18.3% 40.0% 28.2%
IPS average 47.5% 29.0% 39.1% 25.0% 20.0% 22.7% 24.2% 32.0% 27.7%

Pooled average 58.4% 29.5% 45.3% 16.3% 16.5% 16.4% 21.3% 36.0% 28.0%
Table 6: Repeated session behavior in BR group and Non-BR group

Table Notes: Ex Post: subjects who report an estimate that is in the range of their
estimate in the Ex Post Structures ±0.05. Ex Ante: subjects who report an estimate
that is in the range of their implied estimate in the Ex Ante Structures ±0.05. Between:
subjects who report an estimate between their ex ante and ex post answers but not
within 0.05 of either.

bounded by the subject’s Phase 1 and Phase 2 estimates (±0.05). We clearly
see that the BR subjects are more likely than the Non-BR subjects to replicate
their Phase 1 response (the Mann-Whitney U test gives a p-value of 0.002), and
this effect comes mostly from the CPS problems. BR subjects are also significantly
more likely to replicate their responses to the ex post CPS problems than to the
ex post IPS problems (the Wilcoxon signed-rank test gives a p-value of 0.003).
This reflects greater confidence in their Phase 1 answers to the CPS structures.
These BR subjects have not only "solved" the ex post CPS but also know that
they have solved the ex post CPS. In contrast, the Non-BR subjects are not sig-
nificantly more likely to replicate their Phase 1 response for the CPS problems
than they are for the IPS problems (the Wilcoxon signed-rank test gives a p-value
of 0.79). This reflects an equal lack of confidence in their ex post estimates for
both sets of problems. We summarize in the following:

Result 5: Subjects who correctly solve the ex post CPS problems are more
confident in their ex post CPS estimates than their ex post IPS estimates. Subjects
who do not correctly solve the ex post CPS problems are not more confident in
their ex post estimates for either set of structures.

5 Conclusion

Our goal has been to analyze the way human subjects process interdependent
sources of information, with a particular focus on the external validity of labo-
ratory results. Our data is consistent with previous literature within the small
portion of our experimental design that overlaps with existing work. Yet our main
contributions suggest a substantially different interpretation of how well people
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understand these problems. Those who succeed in the baseline CPS problems
seem to do so by applying a simple deductive algorithm. These subjects do not
precisely solve the IPS problems. In fact, they fair no better in these problems
than other subjects, and most of them assign wrong signs to the weights they give
individual signals. We therefore reach more conservative conclusions about how
well people process information in terms of what we think is most likely to be
important outside the lab.

We hope that this work inspires future research, as there remain important
issues that deserve to be explored further. We offer several thoughts on possible
directions. First, if signals incorporate a noisy component, then all problems are
inconclusive and the nature of updating can be qualitatively different. Redundant
signals will generally retain positive marginal value and the Bayesian coefficients
that govern updating can change signs. Second, we have used explicit relation-
ships between signals and made them as transparent as possible. If subjects have
imperfect information about the network structure, how will they learn about it,
and what inferences will they make from realized signals over time? While we
do not know of work in this direction in closely related environments, Fréchette
et al. (2024) provide an interesting study in a different context about how subjects
extract statistical information from their observations to construct a model of the
data-generating process. Third, we have kept the network structure as simple as
possible. When interdependencies are more complicated, involving multiple layers
that relate to each other in more complex ways, how will subjects respond?
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6 Appendix

6.1 Proof of Proposition 1

We first show the proof for the more general case of x ∼ N(µx,Σx). We then
apply these results to the special case of x ∼ N(0,σ2In). We assume throughout
that Γ has full row rank.

The subject’s problem (P) is

argmax
a∈R

E[π(a, t′x̂)] =
∫

π(a, t′x̂)L(x̂|ŷ)dx̂ (P)

where π(a, t′x̂) = −(a − t′x̂)2, and L(x̂|ŷ) is the conditional likelihood of x̂
given ŷ under the prior information.

Proposition 2 (Generalized Proposition 1). We relate the subject’s estimation
problem to the following distance-minimization problem:

min
x̂∈Rn

(x̂− µx)
′Σ−1

x (x̂− µx) (P2)

s.t. Γx̂ = ŷ.

If sources are independent, then the solution to (P2) is given by

x̂∗ = ΣxΓ
′(ΓΣxΓ

′)−1(ŷ − Γµx) + µx (5)

and the solution to (P), the optimal a∗, is given by a∗ = t′x̂∗.

Proof. First, we transform (P) into a constrained likelihood maximization problem
over the vector of sources, x̂. Since L(x|µx,Σz) is the density function of a
multivariate normal random vector, it is symmetric and we have

t′x̂∗ = a∗

where
x̂∗ = argmax

x̂∈Rn
L(x̂|µx,Σx) (P3)

s.t. Γx̂ = ŷ

We next show that (P3) is equivalent to (P2) under the assumption that
sources are independent. Since (P3) has the same constraint as (P2), it suffices to

30



show that (P3) and (P2) share the same objective function. Given that sources
are independent, Σx is a diagonal matrix and L(x̂|µx,Σx) can be written as

L(x̂|µx,Σx) =
n∏

i=1

l(x̂i|µi, σi
2) = (

n∏
i=1

1√
2πσi2

)exp(−
n∑

i=1

(x̂i − µi)
2

2σ2
i

)

where µi is the i-th entry of vector µx and σ2
i is the ii-th entry of matrix Σx.

After eliminating the constants, it is straightforward to show that maximizing
L(x̂|µx,Σx) is equivalent to (P2).

min
x̂∈Rn

(x̂− µx)
′Σ−1

x (x̂− µx) (P2)

s.t. Γx̂ = ŷ.

Next, we derive the solutions to (P2) and (P) as claimed in Proposition 1. The
First Order Conditions (FOCs) yield

2(x̂− µx)
′Σx

−1 + λ′Γ = 0

Γx̂ = ŷ

From the first FOC we have

x̂∗ = −1

2
ΣxΓ

′λ+ µx

Σx is a diagonal matrix and Γ has full row rank by assumption. Therefore, ΓΣxΓ
′

is invertible and we have

λ = −2(ΓΣxΓ
′)−1(ŷ − Γµx)

Substituting yields

x̂∗ = ΣxΓ
′(ΓΣxΓ

′)−1(ŷ − Γµx) + µx (5)

and the solution to (P), the optimal a∗, is given by a∗ = t′x̂∗ as claimed.

Finally, we show the result for the special case of µx = 0 and Σx = σ2In.
In this case, (P2) reduces to (P1) and (5) reduces to (1). Furthermore, our
assumption that Γ is full row rank is sufficient to ensure that ΓΓ′ is invertible.
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Therefore, we relate (P) to (P1) in this case as claimed.

min
x̂∈Rn

x̂′x̂ (P1)

s.t. Γx̂ = ŷ

and the solutions are
x̂∗ = Γ′(ΓΓ′)−1ŷ (1)

a∗ = t′x̂∗ (2)

6.2 Formal definition of behavioral patterns

In this section we formally define four behavioral patterns.

Bayes Rational (BR): A Bayes rational agent reports the rational solution to
the problem using x̂∗ = Γ′(ΓΓ′)−1ŷ. Such an agent is rational about connectivity,
∀i ∈ {1, ...,m}, κki = κi; and also overlap, ∀i, i′ ∈ {1, ...,m}, i ̸= i′, ωk

ii′ = ωii′ .
Precision Neglect (PN): An agent exhibiting precision neglect ignores con-

nectivity differences, and is otherwise rational. Let κmax = max
i∈1,...,m

κi be the

highest connectivity in a given network. A precision neglector uses κki = κmax,
∀i ∈ {1, ...,m} for connectivity. A precision neglector is fully rational about over-
lap. ∀i, i′ ∈ {1, ...,m}, i ̸= i′, ωk

ii′ = ωii′ .
Correlation Neglect (CN): An agent exhibiting correlation neglect sets the

overlap between any two reports as zero, but is rational about connectivity. For
connectivity, ∀i ∈ {1, ...,m}, κki = κi. For overlap, ∀i, i′ ∈ {1, ...,m}, i ̸=
i′, ωk

ii′ = 0.
Uniform (U): A uniform agent ignores connectivity differences and sets the

overlap between any two reports to zero. For connectivity, ∀i ∈ {1, ...,m}, κki =

κmax. For overlap, ∀i, i′ ∈ {1, ...,m}, i ̸= i′, ωk
ii′ = 0.
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