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20 The Adaptive Problem of Exploiting Resources
Human Foraging Behavior in Patchy Environments

ANDREAS WILKE

20.1 INTRODUCTION

Over evolutionary time, humans have had to solve pro-
blems regarding many important foraging activities, such
as deciding where to find crucial resources, when to move
on to more resource-rich locations with higher intake
rates, and how well past foraging success might predict
the future likelihood of return. This chapter will argue that
these reoccurring foraging behaviors of our ancestral past
left an eminent footprint in our evolved cognitive system –

and specifically in our information processing mechan-
isms that deal with risk and uncertainty. This chapter on
evolution, cognition, and decision-making will review
empirical work from animal behavior, biological anthro-
pology, and evolutionary psychology to show that our
mind possesses various cognitive foraging adaptations
that coevolved with the statistical regularities of natural
resource environments. In nature, most resources are dis-
tributed in an aggregated manner, rather than randomly
or in a dispersed manner, meaning that, on the whole,
plants and animals are distributed in clumps or patches
(i.e., areas with a high density of a given resource sur-
rounded by areas with low resource density). In modern
times, these evolved expectations of clumpy resources still
influence our human decision-making behavior, and this
can be observed in everything from searching for external
physical objects, internally seeking information from
memory, dealing with streaks of events, and facing ran-
dom outcomes while gambling, as well as when making
strategic hiding and searching decisions.

20.1.1 Exploiting Natural Resource Environments

How do humans and other animals maximize resource
intake from the environment? Whenever resources are
distributed in space and a local source can be depleted
faster than it replenishes, it is important to decide whether
one could do better by moving on to a different source
elsewhere. Thus, the adaptive decision-maker not only
faces a decision on where to forage, but also of how long
they should forage in a particular spot (Charnov, 1976). In

other words, is it better for me to stay at the current site
and continue to forage or to leave and travel to a new
place? If nearly all of the resources at a site have already
been found, choosing to stay longer at that location might
be wasteful, as more and more time would be spent on
finding the few remaining resources, when it would be
better to move elsewhere, where the initial gain rate of
resource intake is higher (Wilke, 2006). On the other
hand, it would also be wasteful to leave a site too early,
because then too much time might be taken up by travel-
ing and searching for a new site. Like other animals,
humans have faced decisions of this type in many
domains – both presently, in modern decision environ-
ments, and in the past, in the ancestral living environ-
ments our minds evolved in.

20.1.2 Patchy Resource Distributions

In nature, resources are often distributed in clumps or
patches – local areas with a high probability of a resource
encounter that are surrounded by other areas where the
probability of a resource encounter is much smaller or
close to zero (Wilke, 2006). Travel distances within
a patch are smaller than travel distances between patches,
and patches are usually conceptualized as differing in qual-
ity (Hutchinson, Wilke, & Todd, 2008). Rich patches pro-
vide a higher initial return per time unit than poor patches.
No matter the quality, when a forager enters a patch, the
forager utilizes the resources and depletes them over time.
Each resource typically has to be searched for, as resources
are exhaustible and hidden (Wilke et al., 2009).

Classical optimal foraging theory in behavioral ecology
addresses this adaptive patch-leaving decision problem in
the marginal value theorem, which states that the optimal
strategy for each individual is to leave the patch when the
instantaneous rate of return from the current patch falls
below the mean return rate from the environment under the
optimal policy (Charnov, 1976). When an animal first enters
a rich patch, resource gains from exploiting it are high,
because there is a lot of food present and it is easy to find.
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As time passes, however, food resources will be depleted and
itwill take longer and longer tofind a food item.Hence,more
time is spent searchingand less is spent eating. This declining
rate of energy gain can be represented by a graph of dimin-
ishing returns, because the “marginal value” of the patch
decreases and the slope of the graph levels off (Figure 20.1).
When the travel time between patches is taken into account,
then the line giving the maximum long-term rate of energy
gain is the line from point A that touches the gain curve at
a tangent.
Whereas themarginal value theorempredicts general phe-

nomena in optimal foraging in animal behavior quite well, it
makes unrealistic assumptions about the information con-
straints that the foragers face, such as that the mean net
return rate is hard (if not impossible) to infer when foraging
innovel environmentsand that foraging, formanyanimals, is
a succession of discrete events where resources are encoun-
tered stochastically, rather than via an energetic intake fol-
lowing a continuously curved function (McNamara, 1982;
McNamara & Houston, 1985). Most importantly, though,
the marginal value theorem does not link its functional
optimality predictions with any proximate decisionmechan-
isms that a forager can use (cf. Hutchinson & Gigerenzer,
2005). What proximate decision mechanisms could be uti-
lized to guide an animal in deciding when to leave a patch?
What informational cues could an animal obtain while fora-
ging to adjust its patch residence time? And what rules for
integrating these cues would perform efficiently?

20.1.3 Decision Mechanisms for Animal Patch Time
Allocation

Behavioral ecologists have long studied this problem of
patch time allocation and looked at the performance of
simple heuristic patch-leaving strategies in varying envir-
onmental contexts (e.g., Bell, 1991; Iwasa, Higashi, &
Yamamura, 1981). Most notably, research has focused
on parasitoid insects and various bird species (e.g.,
Livoreil & Giraldeau, 1997; Wajnberg et al., 2003).
Waage (1979) described a model for how long insect

parasitoids decide to remain on a particular patch.
Female insect parasitoids (Venturia canescens) look for
hosts into which they can lay their eggs. Here, the adaptive
problem is that the desired hosts, typically other insects,
are not evenly dispersed over the habitat, but rather come
in groups of variable size – patchy environmental struc-
tures, as described in Section 20.1.2. In Waage’s (1979)
model, an initial tendency to stay in the patch is set by
the intensity of a kairomone smell cue, which is a good
indicator of the size of the patch and host density.
Responsiveness decreases linearly with time spent at
a patch, but each successful oviposition alters the waning
of this response by adding an increment to the current
level. When the level of responsiveness has dropped
below a critical threshold, the parasitoid leaves the patch
and looks for a new one. In a way, the decisionmechanism
operates like a piece of clockwork that is wound up a little
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Figure 20.1 Upper left: The marginal value theorem. Upper right: The incremental rule. Lower left: The fishing task. Lower right: The
word puzzle task. All images redrawn from Wilke (2006).
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each time a free host is encountered –when the clock timer
eventually expires, the animal leaves the patch. In the
literature, such a mechanism has been termed an incre-
mental rule (Figure 20.1). In research conducted on birds,
Krebs, Ryan, and Charnov (1974) showed that the black-
capped chickadee’s (Parus atricapillus) search for meal-
worms on artificial pinecones could be modeled with
a giving-up-time rule. Here, similarly, the tendency to stay
in a patch declines with unsuccessful searching, but is
reset to the maximum with each resource item that is
found.

These two decision rules perform surprisingly well,
because the building blocks of the proximate mechan-
ism are well adapted to the finer structure of the envir-
onment in which resource patches differ widely in
quality. Some patches contain only a few resource
items, while others contain a lot more; an ideal patch-
leaving rule exploits such environmental patterns.
Research on other animals foraging in patchy environ-
ments, for instance, has shown that natural selection
fine-tunes these patch-leaving rules to the finer statisti-
cal structures in such environments (Alphen, Bernstein,
& Driessen, 2003). Other parasitoid wasps, for instance,
forage in patchy environments, too, but the amount of
resources to be expected in their natural foraging land-
scape is much more similar across patches, with each
patch more or less containing a very similar amount of
exploitable resources. In such foraging contexts,
a decremental rule, in which the initial tendency to
stay in each patch is decreased step by step, outper-
forms any other patch-leaving rule – as now each new
capture is more important in informing the forager that
the patch has just gotten worse. In extreme cases, if
each patch were to contain the exact same number of
items in it, nothing outperforms a fixed-number rule,
where the forager leaves after having found n items.
In cases where the number of items is completely ran-
dom, organisms do best by focusing on the time they
have spent so far in the patch (a fixed-time rule) and
ignoring their past, current, and future foraging success
in determining their patch departure (Iwasa, Higashi, &
Yamamura, 1981). Thus, these studies have revealed
that the number of to-be-expected resource items in
each patch is one of the most critical cues to determin-
ing the exact patch-leaving mechanism (Wajnberg,
Fauvegue, & Pons, 2000).

20.1.4 Investigating Human Patch Time Allocation

Biological anthropologists investigate foraging decision-
making among hunter–gatherer populations (e.g.,
Winterhalder & Smith, 1981). Most of their work, how-
ever, deals with specific environmental variables and how
they systematically relate to a forager’s diet (e.g., the
dependence on gathered vs. hunted foods; Binford,
1990). Typical anthropological foraging models aim to
explain which resource types should be incorporated into

the diet when foragers encounter them, what kind of
resource patches should be included into the overall
foray (Kelly, 1995), or how to resolve nutritional choice
conflicts. A behavior that is well documented from obser-
vations among the Ache in Paraguay, for instance, occurs
when a particular individual resource is sought after (e.g.,
a small mammal) but a different one is encountered dur-
ing the foraging activity (e.g., honey). Ideally, a forager
should switch to the resource encountered if it offers
a higher energetic intake than the one that was originally
sought after. This is what has been found in the Ache (Hill
& Hurtado, 1996).

While these foraging decisions are related to the pro-
blems raised in this chapter, anthropological research
on the topic has not fully addressed patch leaving in
terms of actual cognitive mechanisms and the role spe-
cific environmental resource distributions play.
Humans forage on a variety of different food sources
coming in different qualities and distributions.
Furthermore, given that humans are omnivores, one
might expect that we possess the ability to adaptively
and strategically select among a set of multiple foraging
mechanisms for exploiting the food at hand (Wilke,
2006). To fill this gap, Wilke and colleagues conducted
two controlled psychological laboratory experiments
that tested whether the decision rules that evolved to
direct animals on when to leave a food patch also
underlie human decision-making. Both experiments
differed in whether the search was external (e.g., find-
ing physical objects) or internal (e.g., retrieving infor-
mation from memory), but their environmental
parameters (e.g., travel times, mean reward rates)
were closely matched (Figure 20.1).

In the first experiment – the fishing task – participants
were presented with a virtual landscape on a computer
screen in which they had to monitor ponds, forage for
fish, and decide how long to stay at each pond (for details,
see Hutchinson, Wilke, & Todd, 2008; cf. Mata, Wilke, &
Czienskowski, 2009). All ponds appeared equal, but the
number of fish in each varied. Each participant experi-
enced either a dispersed, an aggregated, or a random dis-
tribution of fish per patch. The rate at which fish appeared
was proportional to the number of fish left in the pond, and
participants saw only the number of fish caught at the
current pond. Participants had no access to a clock to
judge their staying times. The lab software recorded parti-
cipants’ foraging success, the number of patches they vis-
ited, and the time they spent at each of them
(Czienskowski, 2005a). A performance-based payment at
the end of the experiment rewarded them for the total
number of fish they caught.

While foraging theory was originally developed in the
context of food search, its formal assumptions were actu-
ally about the spatial and temporal distributions of items
and their payoffs in any currency – not just calories. For
this reason, psychologists have realized that models from
foraging theory also apply well to problems of information

THE ADAPTIVE PROBLEM OF EXPLOITING RESOURCES 243



C:/ITOOLS/WMS/CUP-NEW/19441990/WORKINGFOLDER/WORKMAN-OPM/9781316642825C20.3D 244 [241–250] 30.9.2019 5:40PM

search, such as when people seek information on the
Internet (Pirolli, 2007) or when they search for informa-
tion in memory (Hills, Todd, & Jones, 2015). Thus, in
the second experiment, foraging for fish was replaced by
cognitive information search, and participants were pre-
sented with a modified anagram search task in which they
had to findword solutions using their memory lexicon (for
details, see Wilke et al., 2009; cf. Mata, Wilke, &
Czienskowski, 2013). Meaningful words had to be gener-
ated out of meaningless sequences of letter patches. As in
the fishing task, participants experienced environments
that differed in patch quality – with some sequences con-
tainingmany possible word solutions and others only very
few – and had to decide when to switch to the next
sequence, resulting in a time delay before a new sequence
was presented (Czienskowski, 2005b). Participants were
again paid according to their overall foraging success, and
the environmental parameters of this second experiment
were closely matched to the first task.
The results showed that in both experiments people

applied patch-leaving rules that matched the simple deci-
sion rules that are discussed in the animal behavior lit-
erature for aggregated environments (Wilke, 2006). One
of these rules – the incremental rule – exploits the statis-
tical pattern of aggregated environments by adding
a time increment for each successful resource capture
to an organism’s patch-staying tendency. The other
rule – the giving-up-time rule – adjusts the tendency to
stay in a patch by utilizing the time since last capture.
However, participants in both tasks did not adapt para-
meters of their patch-leaving rules much, if at all, to the
types of environments they faced. Switching behavior
after a fixed number of items (as predicted for the evenly
dispersed environment) or switching after a fixed time (as
predicted for the random environment) was not
observed. On the contrary, participants used the same
two patch-leaving rules that fit aggregated environments
in the other types of environments (i.e., dispersed and
random). Why was this the case?
Most species of plants and animals rarely, if ever, dis-

tribute themselves in a purely random manner in their
natural environment, because individual organisms are
not independent from one another: whereas mutual attrac-
tion leads to aggregation for some species, mutual repul-
sion leads to regularity (dispersed environments) in other
species (Taylor, 1961; Taylor, Woiwod, & Perry, 1978).
Most often, however, these deviations from randomness
are in the direction of aggregation, since aggregation offers
considerable ecological benefits (Krause & Ruxton, 2002).
Such advantages can be responses to physical environ-
ments (e.g., resource availability, light, or temperature),
reproductive behavior (e.g., clumped arrangements of
eggs or offspring being in close parental contact), mutual
attraction with other individuals of the same species (e.g.,
mating behavior), interactions with other species (e.g.,
parasites or predator avoidance), or benefits in foraging
behavior (e.g., to capture prey types that would be too

large, too agile, or too dangerous for a single individual).
Since humans have been hunters and gatherers for much
of their history (Tooby & DeVore, 1987), it could well be
that our evolved psychology is adapted to assume such
aggregated resource distributions as our default, because
it would have offered a selective advantage under ancestral
conditions. As we will see in Section 20.2, the idea that
humans expect aggregation – autocorrelation in space and
time – may also explain why apparent misconceptions of
probabilistic thinking are hard to come by in our species.

20.2 STATISTICAL REGULARITIES IN NATURAL
RESOURCE ENVIRONMENTS

Much research in psychology suggests that people have
a difficult time properly thinking about randomness,
often perceiving patterns that simply are not there. In
particular, people seem to have difficulty conceiving of
independent events, in which any given event has no influ-
ence on the outcomes of future ones (Falk, 1975;
Nickerson, 2002). A classic paper by Gilovich, Vallone,
and Tversky (1985) identified one such confusion, since
then described as the hot hand fallacy. Gilovich et al.
(1985) found that both basketball players and fans judged
that a player’s chance of sinking a shot was greater follow-
ing a successful shot than amiss, with observers surmising
that a player who had just made a basket was “on fire” and
likely to continuemakingmore. These judgments revealed
an implicit assumption of streaks (or runs) in players’
shooting success. This can be described as a positive
recency effect: a successful shot, or hit, boosts the obser-
vers’ subjective probability of predicting another hit. This
means that the hot hand phenomenon reflects an implicit
assumption on the part of the observer that hits are posi-
tively autocorrelated or clumped. However, whenGilovich
et al. (1985) analyzed the actual data on which subjects’
predictions were made, they found that the shots were, in
fact, independent. In other words, a player’s likelihood of
making another successful shot was not correlated with
whether or not they had made the last one. The hot hand
assumption was therefore a mistake, at least as far as
basketball was concerned. In recent years, psychologists
have further delved into the proximate mechanisms of the
hot hand phenomenon and its opposite, the gambler’s
fallacy, in which streaks are assumed to end (e.g.,
Oskarsson et al., 2009). In particular, studies have
explored the role of the hot hand bias in specific sport
disciplines other than basketball (e.g., Raab, Gula, &
Gigerenzer, 2012) and its role in gambling behavior and
finance (e.g., Croson & Sundali, 2005), as well as its occur-
rence in other age groups, such as older adults (Castel,
Drolet Rossi, & McGillivray, 2012).
Similarly, people often perceive spatial clumps not only

in random one-dimensional binary sequences – as in the
hot hand phenomenon – but also in random two-
dimensional resource patterns. Falk and Konold (1997)
elegantly showed this by presenting subjects with a set of
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10 × 10 resource grids in which half of the 100 squares
were empty (colored white) and half had a resource
(colored black). Each pattern was generated according
to an alternation rate p(A) that specified the probability
that the next square would differ from the previous one
(going from left to right and from top to bottom).
Whereas grids with an alternation rate p(A) near 0.5 are
the least predictable (and hence most random), lower
alternation rates create clusters of empty or full squares
and higher alternation rates lead to more dispersion
(Figure 20.2). But when asked to rate the randomness of
the visual grid arrangements, participants failed to cor-
rectly give the highest ratings to grids with alternation
rates near 0.5 – instead, they chose grids that were more
dispersed (with p(A) around 0.60–0.65). As in one-
dimensional sequences, the least predictable random
grid arrangements were perceived as having clusters of
resources (Falk & Konold, 1997).

20.2.1 A Cognitive Adaptation for Detecting
Clumped Resources

Recent research on the ultimate function of the hot hand
phenomenon suggests that it is an adaptive human uni-
versal that is tied to our evolutionary history of foraging
for patchy resources (Wilke & Barrett, 2009; Wilke &
Mata, 2012; cf. Reifman, 2011). But how can one test
whether hot hand thinking is culturally influenced or if it
is more universally applied, as an evolutionary perspective
would suggest?

Wilke and Barrett (2009) developed a computer game
simulating a sequential search for resources to address this
question, which was used to compare undergraduate sub-
jects from the University of California, Los Angeles (UCLA)
with Shuar hunter–horticulturalists from Amazonian
Ecuador. During the simulated search, individuals were
shown whether resources were present or absent in a series
of locations and were asked to predict whether there would
be resources in the next spot. In all experimental conditions,
the distribution of resources was completely random.

However, different conditions used different types of
resources. Some were natural resources, such as fruit trees
and bird nests, while others were modern-day resources,
such as parking spots and bus stops. Participants showed
a high level of hot hand thinking across the board in both
cultures, consistent with the idea that this is an evolved
psychological default. Furthermore, two additional patterns
emerged that support an evolutionary basis. First, more hot
hand thinking was recorded for participants making predic-
tions regarding natural resources compared to artificial,
human-made resources, suggesting that hot hand thinking
may have indeed evolved to aid our ancestors in their fora-
gingpursuits. Second,whencomparingdecisionsabout coin
tosses and foraged fruits, the authors found that Shuar hun-
ter–horticulturalists showed equal levels of hot hand think-
ing for both, whereas UCLA students were at about the same
level as Shuar subjects for fruits, yet lower for coin tosses.
This suggests that familiarity arising from lifetime experi-
ence with the truly random nature of coin tosses might have
helped the students learn to adjust away from their evolved
default.

The hot hand bias is particularly adaptive in contexts
where clumps often exist and dispersal or randomness
is rare, such as in the foraging contexts described in
Section 20.1.4 (cf. Haselton et al., 2009). If a forager is
trying to predict how good a patch containing a certain
resource is, then using a strong prior expectation for
clumped resources is likely to provide better guesses
than a random prior expectation. That is because the
hot hand bias does not really decrease accuracy in
random environments, as all strategies produce chance-
level performance in this situation anyway
(Scheibehenne, Wilke, & Todd, 2011). It might well be
the case that what has been seen as a systematic error
or fallacy in our modern decision-making apparatus
may actually be a design feature of our ancestral cog-
nitive system that evolved to reduce uncertainty in
foraging situations. This possibility also highlights the
role of ecological and evolutionary rationality – the
principle that there is a match between the statistical

Clumpy distribution

p(A) = 0.37 p(A) = 0.51 p(A) = 0.63

Random distribution Dispersed distribution

Figure 20.2 Three 10 × 10
resource grids of 50 white
and 50 black squares that
only differ in their underlying
spatial distributions. Adapted
from Falk and Konold (1997).
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structure of objects, information regarding current
(and past) environments, and the judgment and deci-
sion-making strategies of humans and other organisms
(e.g., Fawcett et al., 2014; Todd & Gigerenzer, 2012).

20.2.2 New Directions for Hot Hand Research

To further explore the proposal that hot hand thinking is an
evolved psychological adaptation to clumped resources,
Wilke and collaborators developed a series of additional
experimental tasks that simulated a sequential search for
resources in various computer game environments and
then asked subjects to make moment-to-moment predic-
tions about the forthcoming presence or absence of
resources as they navigated through these task environ-
ments. In recent experiments, they not only conducted
cross-cultural research on small-scale foraging societies
(as described in Section 20.2.1), but also conducted com-
parative studies byworking with nonhuman primates, con-
ducted clinical research by testing subjects with gambling
disorders, and also tested the strategic interactions ofmulti-
ple players in a behavioral decision-making study.

20.2.2.1 Other Species Share Our Proclivity
to See Patterns in Random Data

An additional prediction resulting from investigations into
the ultimate functions of the hot hand phenomenon is that
nonhuman primate species with similar foraging histories
might share our proclivity for positive recency in indepen-
dent sequential events. Blanchard, Wilke, and Hayden
(2014) directly tested for such hot hand biases in monkeys
by setting up a task in which rewards in some conditions
were positively correlated and in others negatively corre-
lated. The authors hypothesized that if monkeys have an
innate expectation for resources to be clumpy, we should
see behavioral asymmetries in the adoption of the optimal
behavior in positive versus negative correlation condi-
tions. The behavior of three monkeys was examined in
a novel two-option risky choice task. In each trial, one
option offered a reward and the other did not. The chance
that the rewarded option would switch was set to 1 of 10
values and varied across days. Monkeys’ patterns of
choices were consistent with the hypothesis that they see
more positive autocorrelation than there actually is across
all conditions. These results are consistent with the data
obtained from humans and suggest that monkeys’ risky
choices are determined by an inherent bias toward expec-
tations of environmental patchiness as well. It seems as if
the hot hand phenomenon is an ancient evolutionary bias
that humans might share with other primate species.

20.2.2.2 Searching for Patterns in Places Where
They Do Not Exist

Pathological gambling is a psychological and medical dis-
order identified in both the Diagnostic and Statistical

Manual of Mental Disorders, 5th Edition (DSM-5) and
the International Classification of Diseases 10th Revision
(ICD-10) (American Psychiatric Association, 2013; World
Health Organization, 1992). The lifetime prevalence rate
varies worldwide, but has been estimated at around
one percent of adults in the USA, with an additional two
to three percent defined as problem gamblers (Shaffer,
Hall, & Bilt, 1997). Problem gambling is on the rise in
older populations and is often comorbidwith othermental
health problems (Hodgins, Stea, & Grant, 2011). Thus,
unique approaches for studying gambling disorders
could be helpful for the understanding and treatment of
this disorder.
Could the hot hand effect play a role in human gam-

bling behavior? The tendency to search for patterns in
random data could explain part of the pleasure humans
experience while gambling – for example, the experi-
ence of winning several times in a row could be highly
compelling, leading one to believe that one is on a hot
streak. But in addition to this universal propensity,
there could very well be differences between individuals
in just how “hot handed” they are – or just how prone
they are to perceive streaks, even when they do not
exist – possibly leading to differences in how much
gambling on random outcomes is enjoyed. As for
many evolved traits, individual differences in pattern
perception could arise from a variety of factors, includ-
ing genetic differences, environmental differences, or
differences in individual experience. If such individual
differences are predictive of the propensity to gamble,
then this could have implications both for developing
assessment tools to detect individuals’ risks of develop-
ing a gambling problem and for developing interven-
tions that might be effective, such as targeting
gamblers’ perceptions of randomness. Moreover, if the
hypothesis that hot hand thinking is a universal human
cognitive adaptation is right, then the risk of develop-
ing a gambling problem might also be a human uni-
versal, not restricted to those with a cultural history of
gambling or those who have individual experience with
it. Using a slot machine-like decision-making paradigm,
Wilke et al. (2014) directly measured subjects’ predic-
tions of sequences. In their study, they found evidence
that subjects who have a greater tendency to gamble
also have a greater tendency to perceive illusionary
patterns, as measured by their preferences for
a random slot machine over a negatively autocorrelated
one. Casino gamblers often played the random slot
machine significantly more, even though a training
phase and a history of outcomes was provided.
Additionally, Wilke et al. (2014) found a significant
group difference between gamblers and matched com-
munity members in their slot machine choice propor-
tions. Performance on the behavioral choice task
correlated with subjects’ risk attitudes toward gambling
and their frequency of play, as well as the selection of
choice strategies in gambling activities. Thus, it is
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possible that interventions to teach subjects the proper-
ties of random devices might reduce their propensity to
cognitive illusions – like hot hand thinking – that lead
to an increased frequency of gambling.

20.2.2.3 Expectations of Clumpy Resources Influence
Hiding and Searching Patterns

Our human ancestors evolved in environments with
resources spread out in various patterns, with some quite
difficult to find and others easier, depending on the adap-
tive goals of the agents involved in creating those
resources. What spatial patterns do people expect when
resources have been hidden so that they are either simple
or difficult to find?

Wilke et al. (2015) addressed this question in terms
of strategic foraging behavior via a sequential multi-
person game in which participants hid resources for
the next participant to try to find, either collaboratively
or competitively (cf. Talbot et al., 2009). As predicted,
the authors found that the type of interaction between
players had a strong influence on hiding and searching
behavior (see also Legge et al., 2012). When collaborat-
ing, resources were mostly hidden in clumpy distribu-
tions, as are commonly seen in the natural world, but
when competing, resources were hidden in more dis-
persed and seemingly random patterns, to increase the
searching difficulty for the other player. More dispersed
resource distributions came at the cost of higher overall
hiding (as well as searching) times, decreased payoffs,
and increased difficulty when having to recall earlier
hiding locations at the end of the experiment. In line
with research on area-restricted search mechanisms in
animals, participants’ search strategies were affected by
their underlying expectations for when resource distri-
butions would be clumpy: when collaborating, partici-
pants appeared to use a win-stay, lose-shift strategy
appropriate to clumpy resources (cf. Nowak &
Sigmund, 1993). When competing, they moved simi-
larly far after finding or not finding resources, as is
more appropriate for a random (non-clumped) resource
pattern. Thus, subjects’ evolved expectations about two-
dimensional resource patterns, whether clumpy or dis-
persed, may still drive aspects of human searching
behavior to this day.

20.3 SUMMARY

Our ancestors evolved in environments in which
resources were spread out in various patterns. These
encountered resources were manifold, but their
broader statistical structure was often either clumpy,
random, or dispersed with regard to their distribution
in space and time. Since detecting contingencies and
patterns in your environment is an important adaptive
challenge, our cognitive system seems to have evolved
to expect the most common of these distributions –

aggregated patchy resource distributions – to be our

default, as it most closely reflects the statistical pattern
of many of the resources we were foraging for (e.g.,
plants and animals). Recently, Wilke et al. (2018)
found support for this claim when investigating the
exact ecological spatial patterns of different classes of
resources in present environments. After observing and
coding 15 different resources from both developed and
natural domains – such as seats taken at a café and in
a restaurant, occupied parking spots, group members
of goose and cow groupings, and patterns of wilder-
ness, wild forest, and water – the results showed that
natural resource domains (e.g., animal distributions,
habitat structures) indeed display more aggregated dis-
tribution patterns than those from human-developed
resource domains and that many human-developed
resource domains often contain aggregation. Random
distributions occurred much less frequently than aggre-
gated ones, and dispersed distributions were very rare.
Thus, an evolutionarily informed study of our decision-
making capacities should research our cognitive
mechanisms in the ecological environments they
evolved in and investigate the extent to which specific
adaptive challenges – such as foraging for resources –

may have left a distinct footprint on our evolved human
cognition (cf. Barrett, 2018; Todd, Hills, & Robbins,
2012; Wilke & Todd, 2010).
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