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Abstract

Humans rely on more knowledgeable individuals to acquire information. But when we are ignorant, how are we to
tell who is knowledgeable? We propose that human knowledge is nested: People who know only a few things tend
to know very common pieces of information, whereas rare pieces of information are known only by people who
know many things, including common things. This leads to the possibility of reliably inferring knowledgeability from
minimal cues. In this study (N = 848 U.S. adults recruited online), we show that individuals can accurately gauge
others’ knowledgeability on the basis of very limited information, relying on their ability to estimate the rarity of
different pieces of knowledge and on the fact that knowing a rare piece of information indicates a high likelihood of
knowing more information in the same theme. Even participants who are largely ignorant of a theme can infer how

knowledgeable other individuals are on the basis of the possession of a single piece of knowledge.

Keywords

expertise, knowledge attribution, nestedness, social learning, advice taking

Received 5/13/24; Revision accepted 4/17/25

Humans acquire a tremendous amount of information
from others, and in particular from those who are more
knowledgeable than they are. Efficient social learning
requires identifying knowledgeable individuals; absent
this ability, we risk acquiring false beliefs instead of
knowledge. But when we are ignorant, how can we tell
who is knowledgeable? This is especially important in
informal networks, which are crucial for the spread of
information (e.g., about climate change; Goldberg
et al., 2019; more generally, see Katz & Lazarsfeld, 1955)
and in which people cannot usually rely on institutional
markers, such as profession. For instance, people can
tell who, among their acquaintances, is more knowl-
edgeable about politics (Huckfeldt, 2001), even though
none of their acquaintances are political scientists.
What cues do people use to draw such inferences?
Past research in adults has focused on indirect cues
of knowledgeability: a confident intonation (Brennan
& Williams, 1995), answering quickly (Richardson &
Keil, 2022), being older (Wood et al., 2012), wearing

glasses (Argyle & McHenry, 1971), or being paid atten-
tion to by others (Henrich & Gil-White, 2001). There is
a broad agreement that these cues are not very reliable
and should be used only in the absence of better ones
(Jiménez & Mesoudi, 2019). Developmental research
(for a review, see Harris et al., 2018) has shown that
young children are able to infer who is knowledgeable
on the basis of a variety of cues, but these cues are
either, as in adults, relatively unreliable (e.g., the speak-
er’s accent; Kinzler et al., 2009), or relatively coarse
(e.g., who has visual access; Pillow, 1989, or who is a
well-established expert: Danovitch & Keil, 2004, Lutz
& Keil, 2002).
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Fig. 1. A perfectly nested bipartite network (left) contrasted with an imperfectly nested bipartite network
(right). In each bipartite network, the yellow squares represent individuals and the blue circles represent the
pieces of information they may or may not possess. In a perfectly nested network, the most knowledgeable
person knows everything that any less knowledgeable person knows. In a network with lower nestedness,

this is less true.

At least two strands of research predict that people
should be skilled at inferring others’ knowledgeability.
The literature on epistemic vigilance (e.g., Mercier,
2022; Sperber et al., 2010) argues that because humans
rely so much on communication, and because their
interests regularly diverge, they must be endowed with
efficient cognitive mechanisms to evaluate information
provided by others so as not to be misled; this includes
mechanisms for evaluating relative knowledgeability.
Relatedly, distributed cognition (e.g., Kameda et al.,
2022; Sloman & Fernbach, 2017), in which people rely
on others’ knowledge to supplement their own short-
comings, also requires that people possess some ability
to realize who is, or is not, knowledgeable. In line with
these predictions, we suggest that people are able to
infer (precisely and with some reliability) who is knowl-
edgeable by leveraging two facts: the fact that knowl-
edge is nested and the fact that certain pieces of
knowledge are more common than others.

Nestedness is a phenomenon, mostly studied in ecol-
ogy, in which sets either contain common and rare
elements or only common elements, but never only rare
elements (Mariani et al., 2019). For instance, ecosystems
with rare species also tend to contain common species,
but species-poor ecosystems tend to contain only com-
mon species, not rare ones. Nestedness is not empiri-
cally trivial; it is entirely conceivable for a species-poor
ecosystem to contain only rare species. As a matter of
fact, exceptions mean that nestedness is never perfect.

Instead, nestedness is a continuous property for which
various measures exist (Almeida-Neto et al., 2008).

In formal terms (Mariani et al., 2019), nestedness is
a property of bipartite networks—that is, of networks
with two types of nodes, A and B (A could be ecosys-
tems and B, species), in which A-type nodes link only
to B-type nodes, and vice versa. Such a network is
nested to the extent that for any set S of B-nodes that
an A-node links to, and for any other set $' of B-nodes
that another A-node links to, if ' > S, then S is included
in $' (see Fig. 1). The abstract nature of nestedness
makes it testable on datasets from different themes, such
as economics (Bustos et al., 2012), technology (Kamilar
& Atkinson 2014), and movie collections (Morin & Sob-
chuk, 2021). This body of research suggests that nested-
ness is pervasive outside ecology, but not universal. For
instance, Morin and Sobchuk (2021) have shown that
movie collections generally obey nestedness: movies
that are present in small collections tend also to figure
in bigger collections. However, some movie types sys-
tematically violate nestedness, being both rare and pres-
ent only in small collections (e.g., film noir).

In the case of knowledge, each individual’s mind can
be thought of as a set of pieces of knowledge, some of
which are more common than others. The possession
of pieces of knowledge is nested to the extent that an
individual who possesses a rarer piece of knowledge
is likely to possess more common pieces of knowledge
in the same theme. We can expect knowledge to be
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nested, for example, if people tend to acquire more
common pieces of knowledge first before moving on
to rarer pieces of knowledge (see, e.g., Fastrich &
Murayama, 2020); this might happen for a variety of
reasons, related to the environment (curriculum design)
or to content (if understanding rare pieces of knowl-
edge requires common knowledge). Hence our first
hypothesis:

Hypothesis 1: Human knowledge is nested.
If Hypothesis 1 (H1) is true, it follows that:

H1': People who know rarer pieces of knowledge
tend to have more knowledge.

Although this hypothesis is a priori plausible, it is
not trivial. In many domains, understanding rare pieces
of knowledge is not more difficult than understanding
common ones—for instance, knowing the height of
Mount Rakaposhi (the 26th highest peak in the world)
is not conceptually more challenging than knowing the
height of Mount Everest. As a result, it is possible for
people to know rare pieces of knowledge while ignor-
ing common ones. This might happen, perhaps, in the
case of savants, who possess very rare knowledge while
lacking more common knowledge (for extreme cases,
see, e.g., Treffert, 2009). Even less trivial is the possibil-
ity that people’s understanding of the nested nature of
knowledge could be sufficient to use as a basis to infer
how knowledgeable others are.

To use the (presumed) nestedness of knowledge in
order to infer someone’s knowledgeability from the fact
that they possess a single piece of information, we must
also be able to estimate how rare this piece of informa-
tion is. That people are able to do this, even in domains
they are not very familiar with, is far from obvious. For
example, how can we tell whether more people know
which is the first planet of the solar system, or which
is the last? Here, we do not seek to elucidate the cues
people might use to infer that a piece of knowledge is
more or less rare. However, given the importance of
evaluating others’ knowledge for humans, we formu-
lated the following two hypotheses, with H3 being
made possible by H1 and H2:

H2: Participants can accurately assess the rarity of
pieces of knowledge.

H3: If participants know someone else possesses one
piece of knowledge, they can draw above-chance
inferences about that individual’s knowledgeability
in the relevant theme.

We tested H3 using the average performance of many
participants (see below), and a good performance
could therefore stem in part from the wisdom of crowds
(Larrick & Soll, 2006). H3 was thus also tested at the
level of individual participants, or p (hence H3p).

The ability to infer others’ knowledgeability is mostly
useful for people who are not themselves knowledge-
able, because it can help them acquire new knowledge
and avoid false beliefs. As a result, we hypothesized as
follows:

H2m: Even a participant who only has minimal (m)
knowledge in a theme can accurately assess the rar-
ity of pieces of knowledge within that theme.

H3m: If participants who only possess minimal (m)
knowledge in a theme know someone else possesses
one piece of knowledge, they can reliably infer that
individual’s knowledgeability in the relevant theme.

To test H2m and H3m, we relied on the fact that par-
ticipants, after having estimated others’ knowledge,
were asked the same knowledge questions. These
hypotheses were tested on the 30% of participants who
were the least knowledgeable in the relevant domain.
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Participant A

Afew weeks ago, we conducted a survey in
which participants had to answer questions
about the solar system. We recorded all of the
responses, and coded which they had gotten
right or wrong.

Your task today will be to guess which questions
five participants got right or wrong. To help you,
we will tell you one question they got right.

We've recorded that Participant A answered the
following question correctly:
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Fig. 2. Task structure. Participants estimated the knowledge of other individuals on a series of trivia questions, on the basis of their answer
to a single trivia question, providing a measure of estimated knowledge (a). In (b) we depict participants’ own answers to the trivia ques-
tions, providing a measure of actual knowledge. Depicted here are three questions from the astronomy theme; the actual experiments used

15 questions and three different themes.

was no deviation from the preregistration, unless speci-
fied (see footnote 1). We also ran three preregistered
pilots (preregistrations and results are available in Sup-
plemental Material I). Materials: All study materials are
publicly available (https://doi.org/10.17605/OSF.10/
SNFUE). Data: All primary data are publicly available
(https://doi.org/10.17605/OSF.IO/YSZNE). Analysis
scripts: All analysis scripts are publicly available
(https://doi.org/10.17605/OSF.IO/NV76D). Computa-
tional reproducibility: The computational reproduc-
ibility of the results has been independently confirmed
by the journal’s STAR team.

Method

We used three custom sets of 15 questions each, belong-
ing to different themes (superheroes, American history,
and astronomy; see Fig. 2b for examples and the Sup-
plemental Material available online for the complete
list). Participants (N = 848, after exclusions) were
recruited online in the United States (see the Supple-
mental Material for more information; M, = 43.9 years,
SD = 13.08 years, 426 women, 422 men). They were
told about another participant (henceforth called the

“virtual participant”) who had answered one question
correctly. First, they were asked how many participants,
out of 100, they thought had answered that question
correctly (reversed to yield estimated rarity, averaged
over participants to yield average estimated rarity, test-
ing H2). Second, they were asked to indicate, for each
of the remaining 14 questions, whether they thought
the virtual participant—who had answered the initial
question correctly—had also answered each of these
questions correctly. Their responses were added to
yield estimated knowledge, and averaged across partici-
pants and questions to obtain average estimated know!-
edge (testing H3; see Fig. 2a). This procedure was
repeated five times per participant, asking each time
about a different virtual participant (having answered
a different question correctly, randomly selected), all
from the same theme (also randomly selected).

In a second step, each participant answered the 15
questions from the same theme. This allowed us to
compute actual knowledge, the share of correct answers
each participant provided; average actual knowledge,
the mean actual knowledge of participants who cor-
rectly answered a given question; and actual rarity, the
share of participants who incorrectly answered a given
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Table 1. Hypotheses and Statistical Models.

Hypothesis (H)

Model

H1'": The rarer a piece of knowledge is, the higher the
knowledge of participants who possess it.

H2: Participants can accurately assess the rarity of pieces
of knowledge.

H3: If a participant knows someone else possesses one
piece of knowledge, they can infer that individual’s
knowledgeability in the relevant theme.

H3p: Same as H3 but at the individual level.

H2m: Even a participant who only has minimal
knowledge in a theme can accurately assess the rarity
of pieces of knowledge within that theme.

H3m: If a participant who only possesses minimal
knowledge in a theme knows someone else possesses
one piece of knowledge, they can reliably infer that
individual’s knowledgeability in the relevant theme.?

Average Actual Knowledge ~ Actual Rarity + (1| Theme)!
Actual Rarity ~ Estimated Rarity + (1 | Participant)

Average Actual Knowledge ~ Average Estimated
Knowledge + (1| Theme)

Average Actual Knowledge ~ Estimated Knowledge +
(1| Participant)

Actual Rarity ~ Estimated Rarity (by the least
knowledgeable 30% of participants in the relevant
domain) + (1 | Participant)

Average Actual Knowledge ~ Average Estimated
knowledge (by the least knowledgeable 30% of
participants in the relevant domain) + (1| Theme)

Note: H3p = Hypothesis 3 participants; H2m = Hypothesis 2 minimal; H3m = Hypothesis 3 minimal. 'Our preregistration did not
include a random intercept for theme, but the model with the random intercept is more appropriate. The result of the model without
the random intercept does not modify our findings (see open code, line 480). *The results of a participant-level version of the same
hypothesis (H3mp) are reported in the Supplemental Material. The results were significant and coherent with the rest of the findings.

question (Fig. 2b; see the Supplemental Material for
more information about the experimental design). All
measures are normalized from 0 to 1 in the figures and
the analyses. The design, hypotheses, and analyses
were preregistered (https://osf.io/zwr4e). This research
received approval from a local ethics board (CER-Paris
Descartes).

To test H1, we used nestedness measures standard
in ecology (see the Supplemental Material and the
Results section). To test all other hypotheses (H1', H2,
H3, H3p, H2m, and H3m), we used linear mixed-effects
models with random intercepts either for participant or
for theme, but not for both (see Table 1). For H1', H3,
and H3m, there was no need to include participant
intercepts because we averaged across participants, so
we included only the random intercept for theme. For
H2, H3p, and H2m, we preregistered models with one
random intercept for participant, to minimize the risk
of nonconvergence in more complex models. Because
each participant was exposed to only one theme, we
reasoned that most of the variance attributed to theme
would be accounted for by the participant random
intercept (but see the Supplemental Material for a dif-
ferent model structure, providing comparable results to
the one reported in the following section).

Results

All the hypotheses were verified (see Fig. 3 and the
Supplemental Material).

First (H1), knowledge was nested: Two standard nest-
edness indicators, NODF (nestedness metric based on

overlap and decreasing fill) and temperature, were more
consistent with nestedness in each of the response’s
matrices corresponding to our three themes compared
with randomized matrices preserving each question’s dif-
ficulty and the participants’ average accuracy (all six
bootstrapped ps = 0; number of iterations: 500). Nested-
ness implies (H1") that participants who were able to
answer questions about rarer pieces of knowledge tended
to perform better on the whole, which they did—H1":
b=0.39, p<.001, 95% confidence interval (CD) = [.32, .45].
Second (H2), participants were able to reliably esti-
mate the rarity of the pieces of knowledge associated
with each question—H2: h=0.54, p<.001, 95% CI = [.51,
.50]. We note, however, that participants tended to under-
estimate the difficulty of the least difficult questions.
Third (H3), participants, in the aggregate, were able
to reliably estimate the actual knowledge of other par-
ticipants—H3: b=1.25, p<.001, 95% CI = [1.04, 1.47].
Individual participants also performed better than
chance when assessing the performance of other par-
ticipants—H3p: b=0.26, p<.001, 95% CI = [.24, .28].
H2 and H3 were also verified in the least-knowledge-
able 30% of participants (H2m: b=0.45, p<.001, 95%
CI = [.40, .51); H3m: b=1.29, p<.001, 95% CI = [1.01,
1.57]; average number of questions these participants
answered correctly, out of 15: superheroes = 2.8; Ameri-
can history = 1; astronomy = 3.5). We report in the
Supplemental Material a series of pilot studies that
tested a subset of these hypotheses, all yielding con-
vergent results—including an analysis of a database
containing over 42,000 participants and close to three
million answers, confirming H1 (Buades-Sitjar et al.,
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Fig. 3. Results of our experiments. Hypothesis 1' (H1'): As predicted, if knowledge is nested, participants who answer questions with
rarer answers (actual rarity) tend to be more knowledgeable (average actual knowledge). Hypothesis 2 (H2): Participants are able to
evaluate (estimated rarity) the rarity of the pieces of knowledge conveyed by each question (actual rarity). Hypothesis 3 (H3): Participants
are in the aggregate able to evaluate (average estimated knowledge) the performance of another participant from the fact that this other
participant answered one question correctly (average actual knowledge). Hypothesis 3 participants (H3p): The latter hypothesis holds at
the level of individual participants (with estimated knowledge). For H2 minimal (H2m) and H3 minimal (H3m), H2 and H3 hold for the
lower-performing 30% participants. For visual clarity, the lines in the figure represent independent linear regression models fitted separately
for each theme. The shaded areas around the regression lines represent 95% confidence intervals.

2022), and further demonstrating that knowledge is
more highly nested within than across themes.

Discussion

Participants were able to infer other individuals’ knowl-
edgeability on the basis of the fact that these individuals
possess one piece of knowledge. This is possible thanks
to (a) the fact that knowledge is nested—which we
demonstrate in experimental data and in the analysis
of a very large existing database of answers to trivia
questions—and (b) participants’ ability to tell how rare
a piece of knowledge is.

In our experiments, participants were asked to esti-
mate how many pieces of information out of 15 an indi-
vidual knew, solely on the basis of that person’s correct
response to one question. Nearly 50% of the participants
(49% overall, 46% for the 30% least-knowledgeable par-
ticipants) were within two points of the correct answer
(from 0 to 15), showing a reasonable degree of accuracy
in light of the very limited information they could rely
on and in light of their own limited knowledge of the
theme. (Chance performance would have been 23%.)

When the answers were aggregated, performance was
extremely high (correlation between average estimated

and actual knowledge = 0.86). Remarkably, this was also
true of the least-knowledgeable participants (correlation
between average estimated and actual knowledge
0.75), who were nearly completely ignorant of the rel-
evant theme. For example, the 30% least-knowledgeable
participants in American history on average correctly
answered only one question out of 15.

The nestedness of human knowledge likely has sev-
eral causes. Accessing or understanding some rare
knowledge, like that of differential geometry, can
require more common knowledge, perhaps of calculus.
Failing to possess common knowledge in a domain
might prove socially costly (e.g., not having read Shake-
speare for an English professor more interested in con-
temporary authors). Historical contingencies, such as
the existence of canonical works or textbooks, also
channel learners into encountering some pieces of
knowledge before accessing others. By contrast, other
mechanisms might lead to nonnested patterns; for
instance, in some groups possessing common knowl-
edge, such as celebrity gossip, is seen as crass.

The present study suffers from some limitations. First,
it could be expanded in scope in at least two ways: test-
ing more themes of knowledge and replicating the
results in different populations C(offline samples,
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representative samples, samples from different cultures).
Second, our analysis of the large existing data set shows
that nestedness drops between themes, so that someone
who possesses rare knowledge in one theme is not nec-
essarily knowledgeable across all themes. In the present
experiment, we restricted our questions within one
theme; consequently, we do not know whether partici-
pants are sensitive to this distinction or whether they
tend to attribute overly broad knowledgeability to those
who possess rare pieces of knowledge in a theme (as
might be suggested by theories of the evolution of pres-
tige; Henrich & Gil-White, 2001). Third, although we
observed that participants were able to accurately esti-
mate the rarity of pieces of knowledge, we do not know
how they did it. Future studies could address these limi-
tations and shed further light on our ability to infer
knowledgeability from minimal cues. We speculate that
participants may assess the rarity of pieces of information
on the basis of fast-and-frugal heuristics, such as the
recognition beuristic (Goldstein & Gigerenzer, 2002),
which in this case would consist of inferring a question’s
answer frequency on the basis of the frequency of cer-
tain words within it (e.g., questions about Batman are
prima facie easier than questions about the lesser-known
Aquaman). The use of fast-and-frugal heuristics is con-
sistent with the fact that less knowledgeable participants
performed at least as well as more knowledgeable par-
ticipants (Goldstein & Gigerenzer, 2002). Finally, we
acknowledge that the mechanism we uncovered must
have limits; in particular, the striking ability of novices
to estimate the knowledgeability of others is bound to
taper off at some point. For instance, all our participants
have likely heard of superheroes, even if some are mostly
ignorant in this theme; by contrast, someone who has
never heard of superheroes might not have been able to
draw any reliable inference in this theme.

Being able to infer others’ knowledgeability on the
basis of limited information might be more important
than ever, as we are increasingly exposed to people we
see only for a short while (time to read one social
media post). However, the current informational envi-
ronment also makes it easier for people to acquaint
themselves with rare knowledge, even without possess-
ing more basic knowledge. Future studies should inves-
tigate potential abuses of the otherwise reliable type of
inference uncovered here.
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