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Abstract

We study the wisdom of the crowd in the context of spa-
tial knowledge, asking participants to identify US states and
African countries on unlabeled tile maps. We use two question
frames, asking participants to select where the target is present
or eliminate where it is absent. Participants generally display
overconfidence, often selecting small regions that do not in-
clude the target. We find strong wisdom of the crowd effects
by aggregating participants’ responses, especially by weight-
ing the individual responses according to the size of their se-
lection. The weighted crowd outperforms all but a few par-
ticipants for the US states and all participants for the African
countries. We also find wisdom of the crowd within effects, by
aggregating the present and absent frames for the same partic-
ipant. We discuss the implications of our findings for under-
standing how people express uncertain spatial knowledge and
the potential use of crowd aggregation in real-world applica-
tions.
Keywords: wisdom of crowds; spatial knowledge; wisdom of
the crowds within; framing effects

Introduction
The wisdom of the crowd is the finding that a crowd’s aggre-
gate judgment is more accurate than the judgment of a ran-
domly sampled individual in the crowd (Galton, 1907; Davis-
Stober, Budescu, Dana, & Broomell, 2014; Surowiecki,
2004). Crowd superiority has been demonstrated in a range
of contexts. The most common context is general knowledge,
which examines the accuracy of answers to factual ques-
tions about geography, society, culture, entertainment, and
other topics (Bennett, Benjamin, Mistry, & Steyvers, 2018;
Lee, Steyvers, & Miller, 2014; Prelec, Seung, & McCoy,
2017). Another context involves forecasting and predictions
about political, social, sporting, and other events (Armstrong,
2001; Boon, 2012; Da & Huang, 2020; Klugman, 1947;
Lee, Danileiko, & Vi, 2018; Miller, Wang, Kulkarni, Poor,
& Osherson, 2012; Page & Clemen, 2013). A third con-
text involves group settings in which individuals interact or
compete with each other to generate judgments or estimates
about stimuli (Atanasov et al., 2017; Christiansen, 2007; Lee,
Zhang, & Shi, 2011; Lyon & Pacuit, 2013; Ray, 2006). In all
of these contexts, the required judgments can take different
forms, including scalar estimates (Jenness, 1932; Farnsworth
& Williams, 1936), discrete choice (Lee et al., 2018; Prelec
et al., 2017), rank orderings (Bruce, 1935; Gordon, 1924;
Knight, 1921; Lee et al., 2014; Miller et al., 2012), or sequen-
tial decisions (Thomas, Coon, Westfall, & Lee, 2021; Zhang
& Lee, 2010).

In this study, we explore the wisdom of the crowd in the
context of spatial knowledge by asking people to identify US
states or African countries on unlabeled tile maps. Some
previous research on spatial or geographical knowledge has
focused on scalar estimates (“what is the height of Mount
Everest?”), discrete choices (“is Reno east or west of San
Diego?”), or rankings (“order the following US states from
west to east”) rather than direct spatial judgments. Other
previous research has presented spatial targets and then re-
quired direct spatial judgments (Juni & Eckstein, 2017), al-
though this type of task involves immediate perceptual rather
than longer-term memory-based knowledge. The most rele-
vant previous work studies how accurately people can iden-
tify locations on a map (Fu, Lee, & Danescu-Niculescu-Mizil,
2017; Fu, Wang, & Danescu-Niculescu-Mizil, 2020; Mayer
& Heck, 2022). Our task involves people’s memory for spa-
tial knowledge and requires them to express that knowledge
in a direct and detailed way by selecting a spatial region.

An interesting feature of our task is that it allows the same
question to be framed in different ways. People are asked to
identify a target US state or African country by selecting as
many states or countries they need to be confident that the
target is included in their set. We call this the present fram-
ing. They are also asked to identify a target state or country
by indicating a set of states or countries that are not the tar-
get. We call this the absent framing. Being able to collect
both of these judgments raises the issue of framing effects
(Levin, Schneider, & Gaeth, 1998; Tversky & Kahneman,
1981) and, in particular, whether the inherent uncertainty in
forming regions is managed differently between the frames.
Previous research on elimination and inclusion, the same di-
chotomy that we use, suggests that using these frames will
produce some non-complementarity in the generated choice
sets (Shafir, 1993; Yaniv & Schul, 1997).

Asking multiple questions also allows us to consider the
phenomenon known as the wisdom of the crowd within, in
which multiple judgments from the same individual are ag-
gregated. A basic challenge for the wisdom of the crowd
within is that using only judgments from one individual re-
sults in correlated judgments, which limits the improvement
in the aggregate. Accordingly, an effort is made to make the
judgments as independent as possible. This has been achieved
by increasing the time interval between estimates (Vul &
Pashler, 2008) or having participants use various question
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framing strategies, such as consider-the-opposite (Herzog &
Hertwig, 2009; Lord, Lepper, & Preston, 1984), starting from
scratch (Herzog & Hertwig, 2014), or having the individual
combine their previous estimates in some way (Herzog &
Hertwig, 2009; Larrick & Soll, 2006). These question fram-
ing strategies work because the participant has to consider
additional information or approach the question differently.
In our spatial knowledge context, being able to ask about the
location of targets in terms of presence and absence provides
two natural contexts for asking the same individual about the
same information.

The remainder of this paper is organized as follows. We
first describe the experimental design and the framing effects
on participants’ judgments and how participants manage the
uncertainty inherent in the task. To test for the wisdom of
the crowd, we develop two approaches for aggregating crowd
judgments and compare their performance to individual judg-
ments. To test for the wisdom of the crowd within effects,
we examine improvements in individual judgments resulting
from aggregating their two judgments. Finally, we examine
how the crowd aggregate improves as a function of the num-
ber of individuals in the crowd. We close with a discussion of
our main results and directions for future research.

Experiment
Participants
50 participants were recruited using Prolific (Prolific, 2022)
for each of the US states and African countries conditions
in a between-participants design. All participants were cur-
rent US residents and provided basic demographic informa-
tion including their age, whether they attended high school
in the US, and their familiarity with each of the US states or
African countries.

Stimuli
Figure 1 shows the tile maps presented to participants in each
trial. These are standard configurations used in data journal-
ism.1 The US states map was restricted to the 48 continental
US states, and the African countries map was restricted to 51
of the 54 countries by excluding Comoros, Mauritius, and the
Seychelles.

The tile maps make responding to the task simple and re-
sponses easy to visualize. They also introduce some irre-
ducible uncertainty because even participants with perfect ge-
ographical knowledge will still be uncertain about the exact
translation between the true geography and the tile layout.
For example, South Africa could reasonably be any of the
three tiles at the bottom of the African map. Thus, when re-
sponding to the questions, participants need to consider both
the uncertainty in their spatial knowledge and the uncertainty
that the tile layout introduces.

1See, for example, https://blog.apps.npr.org/2015/05/11/hex-tile
-maps.html and https://public.tableau.com/app/profile/neil.richards/
viz/Malaria 14/Dashboard1.

Figure 1: Tile map stimuli for the US states (left) and African
countries (right) conditions.

Method
Every participant was given every state or country as a tar-
get on a trial in both the present and absent framings. The
two framings were blocked so that all of the targets were pre-
sented in one frame before changing to the other. The order of
the framings was randomized, as was the order of the targets.

In the present framing, participants were asked “Where is
X located? Select as few states/countries as possible, but be
sure X IS in the states/countries you select.” In the absent
framing, participants were asked “Where is X NOT located?
Select as many states/countries as possible, but be sure X
IS NOT in the states/countries you select.” Each question
was answered sequentially with participants being asked not
to look up any information but rely instead on their general
knowledge and memory. Participants were not allowed to re-
turn to or view previous responses, and they did not receive
any feedback. At the completion of all of the target questions
in both frames, participants were asked for their demographic
information.

Framing Effects and Managing Uncertainty
To analyze framing effects, we looked at how complemen-
tary the participants’ responses were. Complementary means
that a participant’s response contained the same information
in both frames. Figure 2 shows participant-level responses for
both the present and absent frames for four illustrative cases.
In each panel, the tile for the target state or country is out-
lined in black. The participant’s selections made only in the
present frame are in blue, and their selections made only in
the absent frame are in yellow. Tiles for states or countries
selected in both frames are a blended blue-yellow color, and
tiles selected in neither frame are white. This means that the
extent of blue versus yellow regions indicates the confidence
of the knowledge expressed by the participant. For example,
the participant in panel A is very confident in locating Califor-
nia, the participant in panel C is less confident (and wrong) in
locating the Democratic Republic of the Congo, and the par-
ticipant in panel D has low confidence in locating Uganda.

The presence of blue-yellow and white tiles indicates that
the participant’s responses across the two frames are not per-
fectly complementary. In panel A, the participant made logi-
cally complementary selections for California, while in panel
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Figure 2: Four illustrative individual participant responses to particular target states and countries in both frames. States and
countries selected in only the present frame are colored yellow, selected in only the absent frame are colored blue, selected in
both frames are colored blue-yellow, and selected in neither frame are colored white.
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Figure 3: Individual participant performance in both conditions and both frames. Each blue cross corresponds to a participant,
showing the average number of selections they made and the numbers of states or countries correctly included in their selections.

B the participant selected some states neighboring California
in both the present and absent frames. This suggests the par-
ticipant in panel B was less confident in the present than the
absent frame. In contrast, the participant in panel C is more
confident in the present frame and less confident in the ab-
sent frame. The participant in panel D is hard to characterize,
since their present and absent frame responses are quite in-
consistent, with some countries selected in both framings and
others selected in neither. Participants rarely provided strictly
complementary responses. On average, participants provided
5.7 complementary responses in the US states condition and
2.0 per country in the African countries condition. They had
some overlap in 19.3 and 24.3 states and countries, respec-
tively. They selected some tiles in neither frame in 38.4 and
45.9 states and countries, respectively.

Consistent with the task instructions, we measure a re-
sponse as accurate if the target is included in the participant’s
selections in the present frame or not included in their selec-
tion in the absent frame, regardless of the size of the regions
they selected. Figure 3 shows the relationship between the
number of states or countries selected and this measure of par-
ticipant accuracy. The four panels correspond to the US states
and African countries conditions and the present and absent
frames. To allow direct comparisons between the two frames,
participant responses in the absent framing have been inverted

so that they indicate the states or countries the participant se-
lected as including the target. This means that less confident
behavior now consistently corresponds to higher numbers of
selections and more confident behavior corresponds to lower
numbers of selections.

The striking feature of Figure 3 is that very few partic-
ipants achieve high levels of accuracy. This likely reflects
both a lack of perfect knowledge and a failure to compensate
by selecting enough states or countries. In the present frame,
participants selected an average of 5.2 states and 11.8 coun-
tries, correctly including an average of 25.5 states and 25.0
countries. More selections are made in the absent frame, es-
pecially for US states. The average numbers selected are 12.4
states and 26.8 countries. These expanded selections lead to
greater average accuracies of 33.8 states and 39.6 countries.

There is no reason, however, participants cannot achieve
perfect accuracy in both frames. In fact, this is what the task
instructions require. A participant who has little relevant geo-
graphical knowledge should select many of the states or coun-
tries in the present frame and few in the absent frame. No
participants were completely accurate in the US states con-
dition. The four participants who achieved complete accu-
racy in the African countries condition did so in the absent
frame by eliminating very few countries. The fact that most
participants achieve modest accuracy suggests that they are
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Figure 4: Examples of aggregate crowd responses. The two left-most panels show the unweighted proportion of participants
who selected each state while targeting Iowa in the present and absent frames, with darker red colors indicating greater propor-
tions. The two right-most panels show the unweighted and confidence-weighted proportion of participants who selected each
country while targeting Rwanda in the present frame.
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Figure 5: Individual participant and crowd performance in both conditions and both frames. Blue crosses correspond to
participant performance. Red curves correspond to unweighted and weighted crowd performance, showing the average number
of selections made and the numbers of states or countries correctly included.

overconfident in their selections. The explanation cannot be
as simple as wanting to avoid effort, since the way to achieve
high accuracy in the absent frame is the least effortful. Most
participants provide effortful responses in the absent frame
that still exhibit overconfidence.

The Wisdom of the Crowd
The simplest way to form an aggregate crowd judgment is to
count the proportion of times each state or country is selected
by a participant. A more complicated method weighs the in-
dividual selections according to their confidence. A natural
measure of confidence is the number of states or countries se-
lected: that is, the number selected in the present frame and
the number not selected in the absent frame. For example, if a
participant selects 10 states, each of their selections will have
1/10th the value of a participant who just selected one state.
Weighting individual judgments in this way implements the
idea that more confident participants should have more influ-
ence on the crowd judgment (Lyon & Pacuit, 2013).

Figure 4 demonstrates these two approaches to crowd ag-
gregation using heat map visualizations. The states and coun-
tries are shaded according to the aggregated group propor-
tions. The left-most panels show the present and absent

frames for the target state Iowa. It is clear that the crowd
selection is more concentrated (less disperse) in the present
frame, consistent with individuals making relatively fewer
selections. The right-most panels show the unweighted and
confidence-weighted crowd judgments for the target country
Rwanda. The confidence-weighted aggregate is much more
concentrated than the unweighted aggregate. This is a natural
consequence of giving less weight to each selection made by
participants who made many selections overall.

Crowd judgments are inherently graded and give a proba-
bility that each state or country is the target, unlike individual
judgments in which every state or country is either selected
or not selected. Accordingly, there is no natural single mea-
sure of crowd accuracy. Instead, there is a set of measures,
depending on where the graded responses are thresholded. A
simple way to set these thresholds is by ranking the probabili-
ties and setting a threshold k so that only states or countries in
the top-k are considered to be selected by the crowd. For ex-
ample, if k = 1, the crowd response is the modal (most likely)
state or country. In all four of the illustrative examples in Fig-
ure 4, this response would be incorrect. As the threshold is
increased, to allow the top-two or top-three or more possibil-
ities, the crowd will become more accurate at the expense of
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Figure 6: Wisdom of the crowd within performance for both
conditions. Blue markers show aggregate performance across
both frames for individual participants with lines connecting
to their performance in each frame. The red curves show the
the unweighted and confidence-weighted crowd performance.

making more selections.
Figure 5 superimposes crowd performance on the individ-

ual performance shown in Figure 3. The red curves cor-
respond to crowd performance, starting with the modal re-
sponse and ranging to increased numbers of selections and
accuracy (the non-integer values for selections are the result
of ties in probabilities). These curves are shown for both the
unweighted and confidence-weighted crowds. Better perfor-
mance corresponds to small numbers of selections with high
accuracy. The unweighted and confidence-weighted curves
are very similar in the US states condition but the weighted
crowd clearly performs better in the African countries condi-
tion, especially for the absent frame.

Comparing crowd and individual performance depends on
how the goals of the task are interpreted. A strict literal inter-
pretation of the task is that perfect accuracy is required using
as few selections as possible. By this measure, the crowd
outperforms every individual because it is capable of perfect
accuracy. Almost every participant in both frames fails to
achieve this. The unweighted crowd reaches perfect accuracy
with 15.8, 11.7, 42.7, and 43.2 selections for US present, US
absent, Africa present, and Africa absent cases, respectively,
while the confidence-weighted crowd needs 19.9, 11.1, 29.3.
and 11.1 selections. It is clear that the weighted crowd outper-
forms the unweighted crowds in the relatively low-knowledge
African countries condition.

A less strict assessment of individual and crowd perfor-
mance allows for less than perfect accuracy while still requir-
ing relatively few selections. Visually, this corresponds to
being at the top-left of the graphs shown in Figure 5. In the
present frame of the US states condition, there are two par-
ticipants whose performance is above and to the left of the
crowd curve, and another three or four who are close. A sim-
ilar result holds for the absent frame. In the African countries
condition, there is one participant who meets this criterion in
the present frame and none in the absent frame. A reason-
able conclusion is that the crowd aggregate is superior to at
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Figure 7: Performance of the crowd based on different num-
bers of individuals for both conditions. Each curve corre-
sponds to the performance of the confidence-weighted crowd,
including responses for both frames for crowds ranging from
2 to 50 individuals.

least 90% of participants in the US states condition and essen-
tially all participants in the African countries condition. For
the vast majority of participants in all conditions and frames,
the crowd’s performance is both ordinally better and quanti-
tatively much better.

The Wisdom of the Crowd Within
To examine the wisdom of the crowd within, we combined
the selections made in the present and absent frames by the
same participant for the same target. We also created crowd
aggregate responses by combining the selections made by all
of the participants in both frames. Figure 6 shows the re-
sults of these analyses. The blue dots correspond to individ-
ual participants, showing the average of the number of states
or countries they selected over both framings, and the accu-
racy of their crowd-within aggregate. Accuracy is measured
in terms of whether the correct state or country was selected
in either the present or absent framing. The blue lines connect
the aggregate individual performance to performance for just
the present and absent frames separately (i.e., to the perfor-
mance measures shown in Figures 3 and 5). These wisdom of
the crowd within aggregates allow us to evaluate how percep-
tually similar participants treat the two structurally identical
tasks as complementary responses would be exactly overlaid
in Figure 6.

By its construction, the crowd-within aggregate always in-
volves as many or more states or countries being selected as
in the separate frames. Our interest is whether this increase
significantly improves accuracy. Visually, this corresponds
to crowd-within performance that shifts significantly upward
without shifting far to the right. Figure 6 makes clear that, for
most of the participants in both conditions, the crowd-within
aggregate leads to an increase in accuracy. The mean increase
in accuracy is 11.5 states and 17.9 countries. Much of this im-
provement comes from the absent frame selections broaden-
ing the selections to include the target as shown by the crowd-
within aggregates moving diagonally toward the upper right
in Figure 6. There are also cases in which two relatively nar-
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row selections in the frame are combined to form an improved
selection and where the crowd-within aggregates mainly shift
upward with little movement to the right. For example, for
the best performing individual in the US states condition, the
crowd-within aggregate has perfect accuracy based on an av-
erage of 6.8 states being selected. This individual’s crowd-
within aggregate combined their present frame accuracy of
46 states, based on 6.0 selections, with their absent frame ac-
curacy of 40 states, based on 5.0 selections. The crowd ag-
gregation over both frames shown by the red curves continues
to be well performed.

Crowd Size
Given the clear wisdom of the crowd effect, an interesting
follow-up question is how many individuals are needed for
effective crowd performance. Figure 7 shows the confidence-
weighted crowd-within responses averaged over many sub-
sets of 2, 5, or 10 randomly selected participants and the full
crowd of 50 participants. The full crowd is the one consid-
ered in Figure 6, which uses all of the participant and frame
information about each target. Both conditions show the same
expected pattern of improved performance as the crowd size
increases. There is an especially large improvement as the
crowd increases from the smallest possible size of 2 to the
still small size of 5. This pattern of initial quick improve-
ment as the crowd size first grows followed by a long pe-
riod of more gradual improvement is consistent with previ-
ous findings (Han & Budescu, 2019; Steegen, Dewitte, Tuer-
linckx, & Vanpaemel, 2014; Vul & Pashler, 2008). For the
US states condition, a crowd size of 10 is almost as well per-
formed as the full crowd. For the African countries condition,
the full crowd is clearly better performed than the smaller
crowds. We interpret this result as showing that the more dif-
ficult African countries condition, about which participants
had less knowledge, benefits more from incorporating more
participants to capture the more sparsely distributed knowl-
edge.

Discussion
We studied spatial knowledge in an experiment that asked
participants to select regions on unlabeled tile maps to iden-
tify target US states or African countries. We asked for the
knowledge to be expressed in two different ways, by framing
the question in terms of identifying regions in which the target
was present or eliminating regions from which the target was
absent. Our first interest was in how people manage their un-
certainty about the spatial location of the target, and whether
this is affected by the different frames. Our second interest
was whether wisdom of the crowd effects, including wisdom
of the crowd within, are present for spatial knowledge.

We found that participants were consistently overconfident
in their management of uncertainty, often to a very large de-
gree. Many participants selected regions in the present frame
that were too narrow and failed to include more than half
of the targets. They were also overconfident in the absent
frame, although to a lesser degree. The consistent pattern of

overconfidence in both frames eliminates simple explanations
in terms of minimizing effort and suggests that people are
overconfident in their spatial knowledge. This sort of over-
confidence is consistent with classic findings from the judg-
ment and decision-making literature (Lichtenstein, Fischhoff,
& Phillips, 1982; Paese & Sniezek, 1991; Russo & Schoe-
maker, 1992; Welsh & Begg, 2018).

We also found strong wisdom of the crowd effects. Both
unweighted and confidence-weighted aggregate crowd judg-
ments outperformed the vast majority of individual partici-
pants. This was especially true for the more difficult African
countries condition, suggesting most individuals have signifi-
cant gaps in their knowledge but that collectively a crowd can
perform well. At the individual level, we found that combin-
ing judgments from the same participants across both present
and absent frames improved performance. A crowd aggregate
that combined all participants and both frames achieved very
good performance in both conditions. For the US states do-
main, a crowd of around 10 people proved enough to exhibit
good performance, but the lower-knowledge African coun-
tries domain benefited from larger crowds.

Our results have implications both for understanding hu-
man cognition and practical applications. It is important to
understand why people are overconfident in the regions they
select, how robust this behavior is, and whether it can be
mitigated. Future experiments should consider other spatial
knowledge domains and other methods for expressing spatial
knowledge, such as point estimates of locations or free-form
selections of regions rather than discrete choices on tile maps.
It is also important to understand how framing effects interact
with the management of uncertainty. Our results suggest that
the absent frame reduces overconfidence, but this could arise
from the nature of the task design, and more robust replication
is needed. In terms of practical applications, the demonstra-
tion of strong wisdom of the crowd effects holds promise for
real-world problems like search and rescue (Breivik, Allen,
Maisondieu, & Olagnon, 2013; Lin, Huynh, Barrington, &
Lanckriet, 2013), military targeting (Council, 2013; Qing &
Fang, 2021), and other problems where a spatial region needs
to be identified based on human knowledge (e.g. Drew et al.,
2013; Fu et al., 2017, 2020; Krupinski, 2010; Lin, Huynh,
Lanckriet, & Barrington, 2014).

Finally, future work should apply cognitive modeling
methods to understand people’s behavior and potentially im-
prove the wisdom of the crowd. This approach has proved
fruitful in other cognitive domains including probability es-
timation, category learning, and sequential decision making
(Danileiko & Lee, 2017; Lee & Danileiko, 2014; Thomas
et al., 2021). Modeling how people select states and coun-
tries based on their knowledge should allow inferences about
parameters that correspond to their uncertainty and decision-
making strategies. A model-based approach to crowd ag-
gregation may outperform the simple statistical methods on
which our wisdom of the crowd results are based.
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