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Abstract

In daily life, we frequently interact with specialists—
individuals whose complementary insights augment our lim-
ited first-hand experiences in decision-making. Efficient as
this may be, the cognitive demands of employing our theory
of mind to determine and integrate the evidential contributions
of diverse specialists may offset its benefits. In this study,
we explore human judgments in a scenario where they must
aggregate opinions from multiple social peers, each possess-
ing expertise in a different aspect of the problem. We exam-
ine whether participants integrate specialist judgments with or
without mentalizing using a normative Bayesian model and
propose two heuristic approaches. Our results show the major-
ity of participants across two experiments relied on heuristics,
suggesting that people don’t tend to or have limited ability to
integrate specialist judgments through mentalizing.

Keywords: social inference; theory of mind; mentalizing;
Bayesian modeling

Introduction

To form beliefs and make advantageous decisions, we often
rely on social information in addition to our first-hand expe-
riences. For instance, when deciding where to go on holi-
day, we might seek advice from friends, read travel blogs,
and check local reviews on Google Maps. We refer to var-
ious social specialists who have useful and complementary
experience or insight to evidence we lack—e.g. they have
been there before, speak the language, etc (Gray et al., 2012).
Similar considerations arise in government and commercial
policy decisions. For example, when choosing a location for
an infrastructure project, stakeholders will generally consult
a variety of experts with different specialisms: architects, ge-
ological surveyors, and market researchers.

Integrating opinions rationally from diverse sources re-
quires sophisticated Theory of Mind (ToM), also known
as mentalizing, whereby we reverse engineer the evidential
weight behind the beliefs and values that make sense of their
behaviors or testimonies (Wellman et al., [1990). Aggregat-
ing evidence from diverse specialists with different knowl-
edge bases presents an interesting and understudied facet of
social reasoning, that we focus on in this paper.

Previous studies show that people are capable of consid-
ering an informant’s expertise when evaluating advice (e.g.,
Hawthorne-Madell & Goodman, 2019). In early childhood,
humans already preferentially learn from social agents who
are more knowledgeable about relevant topics (Robinson et
al., 2011} [Koenig & Harris|, 2005} [Jaswal & Malonel 2007
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what was inside a box, children tended to trust the suggestion
of an informant who had seen the box (Robinson et al.,[2011)),
indicating their capability of recognizing knowledgeability.
Adults can even use indirect evidence of knowledgeability to
guide social decisions, such as using an agent’s past perfor-
mances to infer their knowledgeability and selectively tak-
ing advice from well-performing agents (Hawthorne-Madell
& Goodman| [2019; |Yaniv, |2004). This evidence supports the
human ability to use ToM to guide social information intake.

Our experiments explore a more minimal, abstract, yet in-
ferentially rich scenario where participants must aggregate
opinions from several social peers, whom they know to have
expertise in different aspects of a problem. We examine
how people aggregate social testimony holding this up to
a Bayesian rationality standard. Concretely, we will com-
pare participants’ behavior to the predictions of a normative
Bayesian model, and also examine several plausible heuris-
tics, through which people might aggregate other agents’
judgments at face value (Frinken & Pilditch, 2021} [Franken
et al., [2024) using simple rules, such as counting votes and
prioritizing agreement among more diverse sets of special-
ists.

Task

Our social learning scenario adapts the urn-and-ball task (Xie
& Hayes| 2022} [Whalen et al.| 2018} |Garety & Freeman)
1999). Our task involves two jars, containing balls of three
colors: red, yellow, and blue. Crucially, we introduce differ-
ent private knowledge (their ‘expertise’) about the content of
the jars for the participants and their artificial peers through
a cover story: In Experiment 1, participants observe both jars
being filled, so they are aware of the full distribution of balls
in both jars, while social agents Andy and Anna witness only
the addition of blue balls, leaving the room while the red and
yellow balls are added; similarly, Bella and Bryan observe
only the addition of yellow balls (Figure[Th). Thus, when one
of these social agents makes a guess about the jar a ball is
drawn from, what the participant should conclude from this
depends in subtle ways on the content of the jars, as we will
unpack with our normative model below. In Experiment 2,
participants’ knowledge is also restricted. Participants only
observe the addition of red balls, making the problem of inter-
preting, weighing, and integrating the guesses of their peers
more difficult (Figure[Tb).

Notably, the total number of balls in each jar is common
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Figure 1: Experimental Interface: (a) In Experiment 1, participants have full knowledge of the content of both jars. In contrast,
blue agents (Anna and Andy) only know the number of blue balls in each jar, whereas yellow agents (Bryan and Bella) only
know the number of yellow balls in each jar. (b) In Experiment 2, participants’ knowledge is also limited to the number of
red balls in each jar. (c) In each trial, a ball is randomly drawn from an unknown jar and shown to two social agents, who
independently guess whether it comes from Jar I or Jar II. Participants then integrate the agents’ opinions to make a final
judgment. In the no-diversity condition, participants collaborate with social agents share the same knowledge. (d) In the with-
diversity condition, participants collaborate with social agents who possess knowledge about different components of the jars.

knowledge among both participants and all social agents. In
Study 1, each jar contains 20 balls, while in Study 2, each jar
contains 10 balls. These total numbers of balls were set to bal-
ance task complexity with model discriminability. A higher
number of balls in Experiment 1 allows for greater variabil-
ity in numbers of balls with different colors and thus clearer
model discriminability. In contrast, Experiment 2, where par-
ticipants have limited knowledge, is already cognitively de-
manding. Therefore, we reduced the number of balls to 10 in
order to manage the difficulty of the task.

In each round, our participants collaborate with two other
agents (e.g. Anna and Andy in Figure [It). In the example,
a ball is drawn from an unknown jar and presented to Anna
and Andy, these two players will then infer which jar the ball
came from (e.g. ’I think it is Jar I’). Since the participants
did not see the ball directly, they must base their judgment on
the guesses from the social agents they collaborated with. Be-
cause these guesses do not convey confidence level, a rational
learner needs to consider the diagnosticity of these guesses
in light of the social agents’ knowledge and how they might
have behaved depending on what ball they observed. There
is no communication between the social agents and they are
rewarded only if the participants answer correctly. Thus, par-
ticipants are led to believe that the social agents acted inde-
pendently and have no incentive to deceive.

To respond optimally in these tasks, participants need to

reverse-engineer two players’ responses to infer what ball
they observed, and further, the more likely jar. In Experi-
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Participants in Exp1

Figure 2: Normative inference: In Experiment 1 (left), ratio-
nal reasoners need to infer other agents’ observations based
on their responses. In Experiment 2 (right), they need to
jointly infer both agents’ observations and knowledge.

Participants in Exp2

ment 2, where participants have even more limited informa-
tion about Player 1 and Player 2’s knowledge, they also need
to consider and marginalize over the many possible combina-
tions of jar contents that could lead to two players’ responses,
see Figure[2]

Formal framework

Normative Bayesian Model

Let U € (uj,uz) be a random variable, such that P(U) de-
scribes the rational social reasoner’s subjective belief that jar
u; has been selected for a given trial. Before hearing any
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agents’ judgments, it is equally likely that either jar will be
selected, so the prior is P(U) = [.5,.5].

The other agents a; and a, then make a shared observa-
tion of a single draw from selected jar d € {red, yellow, blue}.
They then make independent judgments Sy,S> €(sq :“I think
itis Jar I, s :“I think it is Jar II”’) allowing a rational reasoner
to form a posterior belief P(U|S,S2).

We know each agent’s judgment is based on the shared ob-
servation, plus their distinct prior knowledge about the con-
tent of the two jars determined by their earlier partial wit-
nesses of the filling of the two jars. We write the agents’
knowledge states as H* (Hy! ,Hy') and H (H,? H,2),
where Hj,r € {h',...,h"} is the set of all possible jar con-
tents, such that h' € [(fred, Nyeliow:Mblue) € (0,20)] where
Nred + Nyellow +Mblue = 20 (or 10 in Experiment 2). Concretely,
the agent who observes the blue balls being added can rule
out all possibilities except those that match their witnesses.
For simplicity, we assume that their judgment is a determinis-
tic function (a hard maximum) over their subjective posterior
belief about the jar:

1, if Py, (Uy = w|d,HY) > 5,

0, otherwise

Py (Si=w|d) = { ey

Each agent’s subjective posterior about the identity of the jar
given their observation d is, in turn, proportional to the like-
lihood of their observing that the ball drawn from each jar,
marginalized over their subjective prior beliefs about the pos-
sible content of that jar. The subjective posterior of agent a;
is:

Pa,.(U,' = u1|d,Hui) = ( Z Pal-(Ui = M1|d,h1)P(h]‘d),
hieH%

Y Py(Ui = wd, )P (hf|d))
hieH%

2

Since in Experiment 1 the rational social reasoner knows
the true content of both jars /;, and h;,,, they know the prob-
ability of different draws conditional on the true jar P(d|U).
They also know which portion of 4 and &;,, was observed
by the agents a; and ay, allowing them to infer P, (U|d) and
hence P(S;|U) for each potential value of d. Combining these
they can infer the posterior over possible draws given the

agents’ judgments

P(d|S1,52) o< P(S1,82|d)P(d) 3)
P(S1|d)P(S2|d)P(d)
allowing them to calculate posterior belief P(U|S},S2) as
P(U[$1,82) = ) P(U|d)P(d|$1,S5) @)
d

In Experiment 2, the rational social reasoner also does not

know h;, or hy,, but instead has their own hypotheses about

the component of two jars H ’(H,fl ,H,,,) resulting from their
earlier partial observation of the jars bemg filled. This means
they must additionally marginalize over H" both when in-
ferring P(d|S1,S2) and again when using this to calculate

P(U|S1,$2)

P(U|S1,S2) =

Y Y rwlan)p

heH" d

P(d,h’|S1,85)  (5)

P(d,h|S1,52) o< P(S1|d, h!)P(S2|d, h')(d|h)P(h7) ~ (6)

In order to translate participants’ beliefs r about the iden-
tity of the jar into Likert-scale response predictions, we repre-
sented them by Beta distributions, which are centered around
the participant’s subjective posterior estimate, but that admit
some second-order uncertainty controlled by confidence pa-
rameter ¢ € (0,00):

r~Beta(o=14c-P(U=u3|81,52),p=1+c-P(U
(N

The Beta distribution is defined over the interval [0,1],
where a value of 0 indicates certainty in favor of Jar I, and
a value of 1 strong certainty in favor of Jar II. As ¢ — 0,
the response becomes uniform across the response space. As
¢ — oo, this function approaches a Dirac delta function cen-

tered at the subjective posterior.

Heuristics Models

As well as the Normative Bayesian Model (NB), we also
consider several plausible heuristic simplifications. A maxi-
mally straightforward approach——the Majority Vote Model
MV) is to eschew considering what agents’ judgments
imply about the ball that was drawn, and instead treat them as
direct cues to the identity of the jar (i.e. if both agents think it
is Jar I, then Jar I is a good guess). Furthermore, it might be
sensible to value the guesses of agents with diverse expertise
(i.e. one blue-knower and one yellow knower as more valu-
able than two blue-knowers or two yellow knowers), since
their judgments are then also not redundant with one another.

The Majority Vote Model (MV) is based directly on the
responses of two agents. Weighing each vote for each jar,
V,, and V,,, by a free parameter n € (0,0), we calculate the
posterior as:

1+nV, 1 +nVy
24nV, +nVyp ’ 24+nV, +nVy

Py (UIS1,82) = ( ) ®)

and use this in Equation [7}

In the Diversity Heuristic (DH) model, the strength of
evidence is scaled when two agents of different knowledge
agree, with the degree of scaling governed by a free parame-
ter . M > 1 indicates that participants treat two agents with
different specialists as more informative; when 1 < 1, in con-
trast, participants think two agents with different specialists
as less informative.
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1 +nVy1-D(Pa1,Pa2)

24 (”qul +nVu2) 'D(Pa17Pa2) ’
1 +nVio-D(Pa1,Pa2)

2+ (nVu1 +nV2) - D(Par, Pa2)

1 If Py=Pan
n IfPal#PaZ

Ppr(U =u;|S1,82) = (

D(PalaPaZ) = {
)]

Experiment 1
Participants

We recruited 103 U.S. or U.K. residents using Prolific. We
excluded 2 participants due to missing data. The final sam-
ple included 101 participants (53 female, 48 male), with an
average age of 42.78 + 13.66 years. Participants were com-
pensated £1.20, and received an additional bonus between £0
and £0.80. The experiment was pre-registered here.

Design and Materials

In order to distinguish the predictions between normative and
heuristic models, we designed 4 pairs of trials (see Figure
3), each consisting of a with-diversity and no-diversity condi-
tions. In no-diversity condition, as all social agents were set
to be rational, two agents of the same knowledge always pro-
vided the same results based on the same observation. In con-
trast, in the with-diversity condition, social agents with dif-
ferent knowledge might give different responses based on the
same observation. Specifically, in Pair I and IV, two agents
were designed to give opposing responses, while in Pair II
and III, they provided the same answer. Besides, NB model
predicted differently between with- and no-diversity condi-
tions in Pair I and II, but not in III and IV.

Through this design, we are able to distinguish the predic-
tions of these three models. If participants follow the nor-
mative Bayesian model, we should observe differences in
judgments between the two conditions in Pairs I and II, but
not in Pairs III and IV. In contrast, participants following the
majority vote heuristic will respond differently between the
two conditions in Pairs I and IV, while giving identical re-
sponses in Pairs IT and III. Lastly, for participants using diver-
sity heuristic, we expect an additional difference in Pair IT and
III, because the DH model assumes that agreement between
two agents with varied knowledge provides stronger evidence
than agreement between agents with identical knowledge.

These four conditions (eight trials in total) were imple-
mented as an HTML webpage, available here.

Procedure

After completing a consent form, participants received in-
structions about the task. After reading the instructions (as
described in the Task section), participants answered a quiz
of six questions that tested their understanding of the task. If
they failed any question, they would be redirected to review
the instructions.

Before the main game, participants also completed a rat-
ing test about how informative in general they found different
combinations of social agents. They rated both with-diversity
combinations (e.g. Anna and Bryan), where social agents
had different knowledge, and no-diversity combinations (e.g.
Anna and Andy) where they shared same knowledge. Next,
participants completed the main tasks. The four Pairs of trials
mentioned above were presented in a random sequence, and
trials within each pair were also randomized. Finally, partici-
pants completed a short demographic questionnaire, received
feedback on their results, and were then redirected to Prolific
for compensation. Notably, all data and code for modeling
and analysis are available at|github/social-specialist.

Computational Modeling

In our experiments, participants’ beliefs were elicited using a
6-point Likert scale (k=6), chosen to avoid central tendency
bias (Chomeyal 2010). Following the approach of [Frianken
et al.| (2024)), for each continuous belief distribution as r ~
Beta(a, B), we first bin into 6 levels matching the increments
of the response scale. P(b;) is given by the cumulative density
of the Beta distribution:

bj

Pi|r) = [,"

LR

Beta(x; 0, B) dx (10)

We include a softmax function for all models with an addi-
tional free parameter 3. After calculating the predicted prob-
abilities for each judgment using the cumulative density func-
tions, the softmax function is applied to modulate the sharp-
ness of the probability distribution, simulating how partici-
pants’ beliefs of which jars it is translate into their decision.
A higher value of § accentuates the tendency to select options
with higher probabilities, thereby reducing the likelihood of
choosing less probable alternatives.

In summary, our analysis includes 3 models, NB (Nor-
mative Bayesian), MV (Majority Vote), and DH (Diversity
Heuristic) as mentioned above along with a baseline model
that assumes participants make choices randomly. For param-
eter optimization, we use the optim() function in R. Model
performance is assessed using leave-one-out cross-validation.
In each iteration, we train the model with data from one par-
ticipant taken out. The likelihood of this held-out data is then
computed to evaluate predictive accuracy. This method pro-
vides an unbiased estimate of model generalizability and is
suitable for our dataset with a limited sample size.

Results

On average, 80.6% (SD = 17.1%) of participants’ responses
(Jar I/IT) were directionally aligned with the NB model, which
we took as the reference standard. The gray bars in Fig-
ure [3] show participants’ judgments across conditions. Sixty-
seven% of participants rated the diverse agent pairs as more
informative, 18% rated them as equally informative and 15%
as less informative.
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Figure 3: Model Predictions and Descriptive Statistical Charts of Participants’ Judgments. Pairs I, II, III, and IV are from
Experiment 1, while the remaining pairs are from Experiment 2.

Table 1: Model Fitting Results for Experiment 1. Models are
fitted to individual judgments using log-likelhood. McFad-
den’s pseudo-R? is also reported for the best fit participants.

Model c B n n BIC Nfit Rsq
NB 2.04 17.07 2623 24 0.18
MV 238 821 197 2523 29 023
DH 236 825 188 1.15 2529 33 0.22
Baseline 2895 15

Table 1 shows the model fitting results. In the DH model,
the fitted 7 is larger than 1, indicating that participants, over-
all, made directionally stronger judgments in conditions when
agents with different specialisms agreed. However, MV
had the best overall fit, with BIC=2523. To better under-

stand individual-level behavior, we also computed the num-
ber of participants best predicted by each model, using log-
likelihood for comparison. 29% of the participants are best
predicted by MV, while 33% align with DH. Meanwhile, a
notable 24% of participants are best predicted by NB.

In summary, Experiment 1 shows when combining opin-
ions from social agents with different knowledge, most par-
ticipants relied on heuristic strategies, although a nontriv-
ial subset made judgments that reflected a sophisticated
mentalizing-based Bayesian inference. In Experiment 2, we
introduced a more complex scenario in which participants
do not have full access to specialist knowledge. This more
closely mirrors a real-life setting where people usually have
limited knowledge of what others know. Our goal is to test
whether participants maintain the same pattern as the cogni-
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tive demands of applying ToM increase.

Experiment 2
Participants

We recruited 99 U.S. or U.K. residents on Prolific. We ex-
cluded 12 participants with missing values. The final sample
included 87 participants (41 female, 45 male, 1 nonbinary),
aged 38.56 + 12.63 years. Participants were compensated
£1.50, with an additional bonus (0 - £0.8). The experiment
was pre-registered herel

Design and Material

The design of Experiment 2 was similar to Experiment 1.
We again designed 4 pairs of trials to distinguish predictions
of normative and heuristic models (see Figure 3] and task is
available here.

Results

On average, 73.7% (SD = 16.4%) of participants’ responses
directionally matched the predictions of the NB model. Fig-
ure [3] presents descriptive statistical charts of participants’
judgments across different conditions. Fifty-four participants
rated diverse pairs of agents as more informative than non-
diverse, 17 rated them as equal, and 16 as less informative.

The results are shown in Table 2. The estimate of | < 1 in-
dicates that, in Experiment 2, participants treated agreement
between agents with different knowledge as less informative
than agreement between agents with shared knowledge. MV
again provides the best overall fit (BIC=2274). At the indi-
vidual level, MV is the best-fitting model for 29% of partici-
pants, while DH provided the best fit for 40%. In comparison,
NB is the best-fitting model for 22% of participants.

Table 2: Model Fitting Results for Experiment 2

Model c B n n BIC Nfit Rsq
NB 1.82e-05 3.12e05 2424 19  0.10
MV 2.64 5.73 2.64 2274 25 0.16
DH 2.71 5.66 2.89 0.74 2281 34 0.19
Baseline 2494 9

General Discussion

In the two experiments, we explored how humans aggregate
judgments from specialists with either equivalent or comple-
mentary knowledge about a domain. The majority of par-
ticipants across both experiments behaved most consistently
with reliance on heuristics that avoided the need to mentalize.
This is not surprising given the high challenge of rationally
reverse-engineering the most likely observations that caused
peers to provide their responses—especially in Experiment 2.

Meanwhile, in Experiment 2, the normative Bayesian
model only explains a modest proportion of the variance in
responses (Ry; = 0.10). This may be because mentalizing
in Experiment 2 was cognitively demanding and not partic-
ularly rewarding given the high residual uncertainty. Even if

participants attempted to reason carefully about the agent’s
judgments, they likely relied on idiosyncratic priors and sim-
plifications rather than precise calculations, which introduces
variability that our normative model cannot not capture.

In both experiments, most of the participants rated the
collaborators with different knowledge as more informative.
However, although participants put slightly more weight on
the advice of informants with different knowledge in Experi-
ment 1, this tendency was reversed in Experiment 2, where in-
formants of knowledge diversity were given less weight. With
hindsight, this contradiction may arise from two competing
beliefs: on the one hand, responses from different specialists
are expected to be more informative because they provide ad-
ditional evidence; on the other hand, agreements from same
specialists offers stronger assurance of reliability (Alister et
al., 2024; Xie & Hayes| 2022). Participants in Experiment
2 had uncertainty about the other agents’ private knowledge,
making it harder to judge whether they were reliable. This
uncertainty may have meant they valued cases where similar
agents agreed since this corroborated their reliability.

One limitation of our design was that it only weakly dis-
tinguishes the heuristics: predictions from the Majority Vote
model differed only a little from the Diversity Heuristic and
both fit very similarly to participants’. The Diversity Heuris-
tic’s extra nuance was not enough to pay for its additional
parameter despite most participants reporting that they found
diverse agents more informative. Future work can use studies
designed to maximize these heuristics’ predictive divergence
and vary the normative role diverse specialism across the di-
mensions of complementarity of evidence and corroboration
of reliability.

Despite the limitation, our findings suggest people don’t
tend to or have limited ability to integrate specialist judg-
ments by considering the partial knowledge of others through
mentalizing. In daily life, we frequently interact with peers
who have different domains of expertise and are privy to dif-
ferent private information. This can easily lead to suboptimal
or biased information aggregation, as people may overesti-
mate or underestimate the contributions of informants and
draw the wrong inferences from their agreements and dis-
agreements. For example, when people read diverse and in-
consistent claims about high-stakes topics like vaccination
decisions, they may struggle to assess how to aggregate and
integrate these perspectives. Moreover, from an organiza-
tional perspective, though including knowledge diversity can
promote comprehensive views and innovative ideas (Gray et
al.,2012)), our results also point out the challenges stakehold-
ers face when managing and integrating judgments from ex-
perts with differing perspectives.
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