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Abstract: How can anyone be rational in a world where knowledge is limited, time is pressing, and deep thought is often an unattain-
able huxury? Traditional models of unbounded ratianality and optimization in cognitive science, economics, and animal behavior have
tended to view decision-makers as possessing supematural powers of reason, limitless knowledge, and endless time. But understanding
decisions in the real world requires a more psychologicnﬂﬂnusible notion of bounded rationality, In Simple heuristics that make us
smart (Gigerenzer et al. 1999), we explore fast and frugal heuristics — simple rules in the mind's adaptive toolbax for making decisions
with realistic mental resources. These heuristics can enable both living organisms and artificial systems to make smart choices quickly

and with a minimum of information by exploiting the way that information is structured in particular environments. I this précis, we

show how simple building blocks that control information search, stop

search, and make decisions can be put together to form classes of

heuristics, including: ignorance-based and one-reason decision making for choice, elimination models for categorization, and satisficing

heuristics for sequential search. These simple heuristics perform comparably to more complex
ing to new data — that is, simplicity leads to robustness. We present evidence regarding when people use simple heuristics

the challenges to be addressed by this research program,

thms, particularly when generaliz-
P Yy

describe
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1. Introduction

A man is rushed to a hospital in the throes of a heart attack.
The doctor needs to decide whether the victim should be
treated as a low risk or a high risk patient. He is at high risk
if his life is truly threatened, and should receive the most

nsive and detailed care. Although this decision can save
or cost a life, the doctor must decide using anly the avail-
able cues, each of which is, at best, merely an uncertain pre-
dictor of the patient’s risk level. Common sense dictates
that the best way to make the decision is to look at the re-
sults of each of the many measurements that are taken
when a heart attack patient is admitted, rank them accord-
Ing to their importance, and combine them somehow into
a linal conclusion, preferably using some fancy statistical
software package.

Considi?: in contrast the simple decision tree in Figure 1,
which was designed by Breiman et al. (1893) to classify
heart attack patients according to risk using only a maxi-
mum of three variables. If a patient has had a systolic blood
pressure of less than 91, he is immediately classified as hﬁgh
risk - no further information is needed. If not, then the de-
cision is left to the second cue, age. If the patient is under
62.5 years old, he is classified as low risk; if he is older, then
one more cue (sinus tachycardia) is needed to classify him
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as high or low risk. Thus, the tree requires the doctor to an-
swer a maximum of three yes/no questions to reach a deci-
sion rather than to measure and consider all of the several
usual predictors, letting her proceed to life-saving treat-
ment all the sooner.

This decision strategy is simple in several respects. First,
it ignores the great majority of possible measured predic-
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Is the minimum systolic blood pressure
over the initial 24 hour period > 91?

yes a |
Is age > 62.57 @
yes no
Is sinus tachycardia present? @
ye no
Figure 1. A simple decision tree for classifying incoming heart

attack patients into high risk and low risk patients (adapted from
Breiman et al, 1993).

tors. Second, it ignores quantitative information by using
only yes/no answers to the three questions, For instance, it
does not care how much older or younger the patient s than
the 62.5 year cut-off. Third, the strategy is a step-by-step
process; it may end after the first question and does not
combine (e.g., weight and add) the values on the three pre-
dictors. Asking at most three yes/no questions is a fast and
frugal strategy for making a decision. It is fast because it
does not involve much computation, and it is frugal because
it only searches for some of the available information. Its
simplicity raises the suspicion that it might be highly inac-
curate, compared to standard statistical classification meth-
ods that process and combine all available predictors. Yet it
is actually more accurate in classifying heart attack patients
according to risk status than are some rather complex sta-
tistical cEsmﬁ' cation methods (Breiman et al. 1993). The
more general form of this counterintuitive finding — that
fast and frugal decision making can be as accurate as strate-
gies that use all available information and expensive com-
putation — forms one of the bases of our research proiram.
Our book, Simple heuristics that make us smart (here-
after Simple heuristics), is about fast and frugal heuristics
for making decisions — how they work, and when and wh
they succeed or fail. These heuristics can be seen as mod-
els of the behavior of both living organisms and artificial sys-
tems. From a descriptive stan%l int, they are intended to
capture how real minds make éfcisions under constraints
of limited time and knowledge. From an engineering stand-
point, these heuristics suggest ways to build artificially in-
telligent systems — artificial decision-makers that are not
pa.nﬁyzeds{:sy the need for vast amounts of knowledge or for
extensive computational power. These two applications of
fast and frugal heuristics do not exclude one another — in-
deed, the decision tree in Figure 1 could be used to de-
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scribe the behavior of an unaided human mind or eould be
built into an emergency-room machine. (Note that while
decision trees are generally easy to use, their construction
in the first place can be computationally expensive. The
simple heuristics presented in the book can also avoid this
costly construction phase.)

In this précis we describe the framework of our explo-
ration of fast and frugal heuristics and summarize some of
the results that have %:een obtained so far by the ABC Re-
search Group. We begin by placing the study of simple
heuristics within the context 0F unded rationality, distinct
from traditional views of unbounded rationality or opti-
mization under constraints, We then describe the building
blocks that go together to make up simple heuristics, and in
section 4 we show how they can be combined into a variety
of decision mechanisms for choice, cateﬁorizaﬁon. estima-
tion, and other tasks, Next we introduce the concept of eco-
logical rationality, and explain how fast and frugal heuristics
can achieve reasonable performance by ﬁtting Ea.rnmlu in-
formation structures in the environment and being robust
to environmental change. In section 6 we cover the ways
that the performance of these heuristics can be measured,
and some of the evidence to date that people use such sim-
ple reasoning in particular decision tasks. We next relate
our research to other recent notions of heuristics in section
7, and describe in section 8 the metaphor of the adaptive
toolbox which organizes the mind’s colleetion of simple
heuristics. We conclude with a set of questions remaining
to be explored. and a summary of the view of bounded ra-
tionality presented in the book.

2. Visions of rationality: From demons
to bounded rationality

Humans and animals make inferences about their world
with limited time, knowledge, and computational power. In
contrast, many models of rational inference view the mind
as if it were a supernatural being possessing demonic pow-
ers of reason, boundless k:nowleﬁge, and all of eternity with
which to make decisions. Such visions of rationality often
conflict with reality. But we can use them as points of com-
parison to help clarify our own vision of ecological rational-
ity — adaptive behavior resulting from the fit between the
mind’s mechanisms and the structure of the environment in
which it operates.

We start by considering two conceptual revolutions. The
first is the demise of the dream of certainty and the rise of
a calculus of uncertainty — probability theory — during what
is known as the probabilistic revolution (Gigerenzer et al.
1989; Kriiger et al. 1987). The probabilistic revolution has
shaped our picture of the mind in fields ranging from cog-
nitive science to economics to animal behavior. Mental func-
tons are assumed to be computations performed on prob-
abilities and utilities (Gigerenzer & Murray 1987). In this
view, the laws of probability describe or prescribe sound
reasoning, judgment, and decision -makin% Probabilistic
conceptions of the mind have led to many elegant theories,
but also to thorny problems, The moment one moves be-
yond simple constrained settings such as the ones that psy-
chologists and computer scientists tﬂpically study to real-
world situations that people actually live through, the time,
knowledge, and computation that probabilistic models de-
mand grow unfeasibly large.



In this book, we push for a second revolution, one which
provides a different vision of how minds deal with the un-
certain world. We propose replacing the image of an omni-
seient mind computing intricate probabilities and utilities
with that of a bounded mind reaching into an adaptive tool-
box filled with fast and frugal heuristics, Our premise is that
much of human reasoning and decision making can be
modeled by such heuristics making inferences with limited
time and knowledge. These heuristics do not involve much
computation, and do not compute quantitative probabili-
ties and utilities, They are models of bounded rationality.
This world view embraces the earlier probabilistic revolu-
ton’s emphasis on uncertainty without sharing its focus
on probability theory, either as a description or as an at-
tainable norm of human behavior. But this second revolu-
tion is only just beginning — four major visions of rational-
ity still continue to struggle with each other today, as shown
in Figure 2,

Rationality comes in many forms. The first split in Fig-
ure 2 separates models that assume the human mind has es-
sentially unlimited demonic or supernatural reasoning power
from those that assume we operate with only bounded ra-
tionality. There are two species of demons; those that ex-
hibit unbounded rationality, and those that optimize under
constraints. There are also two main forms of bounded ra-
tionality: satisfying heuristics for searching through a se-
quence of available alternatives, and fast and frugal heuris-
tics that use little information and computation to make a
variety of kinds of decisions. We now explore each vision of
rationality in turn.

2.1. Unbounded rationality

[n 1814, the astronomer-philosopher Pierre Simon Laplace
contemplated the ultimate genius, an omniscient superin-
telligence he characterized as follows:
Given ... an intelligence which could comprehend all the
forces of which nature is animated and the respective situation
of the beings who compose it —an intelligence sufficiently vast
to submit these data to analysis . . . nothing would be uncertain
and the future, the past, would be present to its eyes. (Laplace
1814/1951, p. 1325)
Earlier, John Locke (1690/1959) had contrasted the omni-
scient God with us humble humans living in the “twilight of
robability”; Laplace secularized this opposition with his
tictitious superintelligence. From the perspective of God
and Laplace’s superintelligence alike, Nature is determin-
istic and certain; but for humans, Nature is fickle and un-
certain, Mortals cannot precisely know the world, but must
rely on uncertain inferences, on bets rather than on demon-
strative proof. Although omniscience and certainty are not
Jttainabre for any real system, the spirit of Laplace’s super-
intelligence has survived nevertheless in the vision ofplfn-

visions of rationality
demons bounded rationality
unbounded optimization satisficing  fast and Frugal
rationality  under constraints heuristics

Figure 2. Visions of rationality:
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hounded rationality exemplified in various modern-day in~_
carnations built around probability theory, such as the max-
imization of expected utility and Bayesian models.

Proponents of this vision paint humans in a divine light.
God and Laplace’s superintelligence do not worry about
limited time, knowledge, or computational capacities. The
fictional, unboundedly rational human mind does not ei-
ther —its only challenge is the lack of heavenly certainty. In
Figure 2, unbounde§ rationality appears in the class of
models labeled “demons.” We use 51& term in its original
Greek sense of a divine (rather than evil) supernatural be-
ing, as embodied in Laplace’s superintelligence.

The greatest weakness of unbounded rationality is that it
does not describe the way real people think. Not even
philosophers, as the following story illustrates. One philoso-
pher was struggling to decide whether to stay at Columbia -
University or to accept a job offer from a rival university.
The other advised hirn: “Just maximize your expected util-
ity — you always write about doing this.” Exasperated, the
first philosopher responded: “Come on, this is serious.”

Because of its unnaturalness, unbounded rationality has
come under attack in the second half of the twentieth cen-
tury. But when one (unboundedly rational) head has been
chopped off, another very similar one has usually sprouted
again in its place: its close demonic relative, optimization un-
der constraints.

2.2. Optimization under constraints

To think is to take a risk, a step into the unknown. Our in-
ferences, inevitably grounded in uncertainty, force us to “go
beyond the information given,” in Jerome Bruner’s famous
phrase. But the situation is usually even more challenging
than this, because rarely is information given. Instead we
must search for information - cues to classify heart attack
patients as high risk, reasons to marry, indicators of stock
market fluctuation, and so on. Information search is usually
thought of as being internal, performed on the contents of
one’s memory, and hence often in parallel via our biological
neural networks. But it is important to recognize that much
of information search is external and sequential (and thus
more time consuming), looking through the knowledge
embodied in the surrounding environment. This external
search includes seeking information in the socially distrib-
uted memory spanning friends and experts and in human
artifacts such as libraries and the internet.

The key difference between unbounded rationality and
the three other visions in Figure 2 is that the latter all in-
volve limited information search, whereas models of un-
bounded rationality assume that search can go on indefi-
nitely. In reasonable models, search must be limited because
real decision makers have only a finite amount of time,
knowledge, attention, or money to spend on a particular de-
cision. Limited search requires a way to decide when to
stop looking for information, that is, a sfo;:rlng rule. The
models in the clags we call “optimization under constraints”
assume that the stopping rule optimizes search with respect
to the time, computation, money, and other resources be-
ing spent. More specifically, this vision of rationality holds
that the mind should calculate the benefits and costs of
searching for each further piece of information and stop
search as soon as the costs outweigh the benefits (e.g., An-
derson & Milson 1989; Sargent 1993; Stigler 1961). The
rule “stop search when costs outweigh benefits” sounds
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plausible at first glance. But a closer look reveals that opti-
mization under constraints can require even more knowl-
edge and computation than unbounded rationality (Vriend
1996; Winter 1975).

The motivation for replacing unbounded rationality with
optimization under constraints was originally to build em-
pirically more realistic models that respect the limitations
of human minds. The paradoxical approach is to model
“limited” search by assuming that the mind has essentially
unlimited time and knowle(fge with which to evaluate the
costsand benefits of further information search. The dream
of optimization, threatened in its instantiation in unbounded
rationality, is thus salvaged by being incorporated into an
apparent competitor — constrained optimization invites un-
bounded rationality to sneak in through the back door.

Of course, few would argue that real humans have the

time and knowledge necessary to perform the massive com-
putations required for constrained optimization, Instead,
this vision of rationality is usually presented as a lofty ideal
that human reasoning should aspire to. But such aspirations
make real human reasoning look flawed and irrational in
comparison. In our view, it is these aspirations that are
flawed — we will argue that reasoning can be powerful and
accurate without requiring unlimited time and knowledge.

What certain forms of optimization under constraints can
offer — in contrast to unbounded rationality — is an analysis of
the structure of environments. For instance, in Anderson’s
rational analysis framework (Anderson 1990; Oaksford &
Chater 1994) constraints from the environment, rather than
on the decision maker, are used to modify one’s understand-
ing of what is optimal behavior in a particular context, Such
an analysis does not directly address the question of what
mental mechanisms could possibly yield behavior approach-
ing the optimal norm, but at least it allows us to create a more
realistic standard for assessing proposed mechanisms.

Instead of these demonic visions of reason, we turn to the
idea of bounded rationality. But many, if not most, re-
searchers in cognitive science, economics, and animal be-
havior interpret the term “bounded rationality” as synony-
mous with optimization under constraints, a (mis)use we
strongly reject. This interpretation may be responsible for
the frequent dismissal of bounded rationality in favor of
good old-fashioned demonic visions. The economist Thomas
Sargent (1993), for instance, in interpreting bounded ratio-
nality as constrained optimization, argues that when one
models people as “bounded” in their rationality, one’s mod-
els use a greater number of parameters and become more
demanding mathematically. He believes that the reason
why researchers (particularly economists) stick with mod-
els incorporating unbounded rationality is that their desire
for models with fewer parameters is not met by the bounded
approach: “a reduction is not what bounded rationality
E:;omises” (p- 4). But this is a misleading interpretation of

unded rationality — rationality need not be optimization,
and bounds need not be constraints.

2.3. Bounded rationality: Satisficing

The “father” of bounded rationality, Herbert Simon, has ve-
hemently rejected its reduction to optimization under con-
straints: “bounded rationality is not the study of optimiza-
tion in relation to task environments™ (Simon 1991). Instead,
Simon'’s vision of bounded rationality has two interlocking
components: the limitations of the human mind, and the
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structure of the environments in which the mind operates.

The first component of his vision means that models of -

human judgment and decision making should be built on
what we actually know about the mind’s capacities rather
than on fictitious competencies. In many real-world situa-
tions, optimal strategies are unknown or unknowable (Simon
1987). Even in a game such as chess, where an optimal (best)
move does in fact exist at every point, no strategy can calcu-
late that move in a reasonable amount of time (either by hu-
man minds or computers), despite the well-defined nature of
the possibilities toFl;e searched. In less well-defined natural
situations, our hope of identifying a useable optimal strat-
egy is even further diminished. Because of the mind’s lim-
itations, humans “must use approximate methods to handle
most tasks” (Simon 1980, p. 6). These methods include
recognition processes that largely obviate the need for fur-
ther information search, heuristics that guide search and
determine when it should end, and simple decision rules
that make use of the information found. We explore these
classes of methods at length in our book.

The second component of Simon's view of bounded ratio-
nality, environmental structure, is of crucial importance be-
cause it can explain when and why simple heuristics perform
well: if the structure of the heuristic is adapted to that of the
environment. Simon’s (1956a) classic example of this com-
ponent concerns imaginary organisms foraging according to
simple heuristics whose beha\r;nmafjcan onl;aﬁ Enderstoos by
looking at the structure of the information in the environ-
ment. Simon was not the only one to make this important
point; it was made both before hiswork (e.g,, Brunswik 1943)
and at various times since (e.g, Anderson 1990; Shepard
1990), including more extreme emphasis on studying the en-
vironment rather than the mechanisms of the mind (e.g.,
Gibson 1979). But in general the second part of Simon's
(1956a) paper title, “Rational choice and the structure of en-
vironments,” has been neglected in mainstream cognitive
sciences (even by Simon himself - see Simon 1987).

We use the term ecological rationality to bring environ-
mental structure back into bounded rationality. A heuristic
is ecologically rational to the degree that it is adapted to the
structure of an environment (see below). Thus, simple
heuristics and environmental structure can both work hand
in hand to provide a realistic alternative to the ideal of op-
timization, whether unbounded or constrained.

One form of bounded rationality is Simon’s concept of
satisficing — a method for making a choice from a set of al-
ternatives encountered sequentially when one does not
know much about the possibilities in advance. In such situ-
ations, there may be no optimal method for stopping
searching for further alternatives — for instance, there
would be no optimal way of deciding when to stop looking
for prospective marriage partners and settle down with a
particular one (see Ch. 13 for more on satisficing in mate
search). Satisficing takes the shortcut of setting an aspira-
tion level and ending the search for alternatives as soon as
one is found that exceeds the aspiration level (Simon 1956b;
1990), for instance leading an individual with Jack-Sprat-
like preferences to marry the first potential mate encoun-
teres who is over a desired width,

2.4. Bounded rationality: Fast and frugal heuristics

Satisficing is a way of making a decision about a set of al-
ternatives that respects the limitations of human time and



knowledge: it does not require finding out or guessing
about all the options and consequences the future may
hold, as constrained optimization does. However, some
forms of satisficing can still require a large amount of de-
liberation on the part of the decision maker, for instance to
set an appropriate aspiration level in the first place, or to
caleulate how a current option compares to the aspiration
level (Simon 1956h). Hatﬁer than let overzealous mental
computation slip back into our picture of human rational-
ity, we narrow our focus still more to concentrate on fast and
frugal heuristics for decision making.

Fast and frugal heuristics employ a minimum of time,
knowledge, and computation to make adaptive choices in

real environments. They can be used to solve problems of

sequential search through objects or options, as in satiskic-
ing, They can also be used to make choices between simul-
taneously available objects, where the search for infor-
mation (in the form of cues, features, consequences, ete.)
about the possible options must be limited, rather than the
search for the options themselves. Fast and frugal heuris-
tics limit their search of objects or information using easily
computable stopping rules, and they make their choices
with easily computable decision rules. We thus see satisfic-
ing and fast and frugal heuristics as two overlapping but dif-
terent categories of bounded rationality: there are some
forms of satisficing that are fast and frugal, and others that
are computationally unreasonable; and there are some fast
and frugal heuristics that make satisficing sequential option
decisions, and some that make simultaneous option choices
.see sect. 4). We consider fast and frugal heuristics to rep-
resent bounded rationality in its purest form.

A tﬁﬁme example of the classes of fast and frugal heuris-
ties that we explore in our book is one-reason decision mak-
ing, in which only a single piece of information is used to
make a choice (we describe particular instances of this
class in more detail below). There is a sound rationale for
basing a decision on only one reason rather than on a com-
bination of several: Combining information from different
cues requires converting them into a common currency, a
conversion that may be expensive if not actually impossible.
Standard models of optimization, whether constrained or
unbounded, assume that there is a common currency for all
beliefs and desires, namely, quantitative probabilities and
utilities. Although this is a mathematicdl[; convenient as-
sumption, the way humans look at the world does not al-
ways conform to it. Some things do not have a price tag, and
cannot be reduced to and exchanged for any common cur-
rency (Elster 1979), Love, true friendship, military honors,
and Ph.D:s, for example, are supposed to be priceless, and
therefore incommensurable with items for sale in a sho
ping mall. When reasons cannot be converted to a sing‘l:;
currency, the mind may do best by employing a fast and fru-
gal strategy that bases its decision on just one good reason.
As we demonstrate (in Chs, 4-6), however, incommensura-
bility is not the only reason for one-reason decision making,

Before we take a closer look at fast and frugal heuristics,
let us sum up our discussion so far. Bounded rationality has
become a fashionable term in many quarters, and a plethora
of proposed examples have been thrown together under
this term, including optimization under constraints. Figure
2 helps to make clear the distinctions between bounded ra-
tionality and the demonic visions of rationality. Unbounded
rationality is not concerned with the costs of search, while
bounded rationality explicitly limits search through stop-

cues just as people have been
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ing rules. Optimization under constraints also limits search,
Eul does so by computing the optimal stopping point, that™
is, when the costs of further search ex.:na-ec!l the benefits. In
contrast, bounded rationality “bets” on the effectiveness of
simple ways of guiding and stopping information search
( describedyisn the next section) that do not attempt to opti-
mize. Finally, the purest form of bounded rationality is to
be found in fast and frugal heuristics, which employ limited
search through abjects (in satisficing) or cues and exploit
environmental structure to yield adaptive decisions.

3. The ABCs of fast and frugal heuristics

In Simple heuristics we explore the view that people oper-
ate with bounded rationality to make the majority of their
inferences and decisions — a framework that is a?so useful
for studying other animals and for developing decision-
making heuristics for artificial agents. This exploration of
boundedly rational heuristics involves (1) designing com-
l:mtation- models of candidate simple heuristics, (2) ana-
yzing the environmental structures in which they perform
well, (3) testing their performance in real-world environ-
ments, and (4) determining whether and when people (and
other animals) really use these heuristics, The results of the
investigatory stages (2), (3), and (4) can be used to revise
the next round of theorizing in stage (1). The different
sta%es of this research program rest on multiple methods,
including theoretical modeling of heuristies, computer sim-
ulation of their performance, mathematical analysis of the
fit between heuristics and specific environments, and labo-
ratory experimentation. Across the next four sections we
consider each of these stages in turn.

A computational model of a heuristic specifies the pre-
cise steps of information gathering and processing that are
involved in generating a decision, such that the heuristic
can be instantiated as a computer program. For a fast and
frugal heuristic, this means the computational model must
include principles for guiding search for alternatives or in-
formation (or both), stopping that search, and making a de-

cision, as we now deseribe.

3.1. Heuristic principles for guiding search

Decisions must be made between alternatives; and based
on information about thase alternatives. In different situa-
tions, those alternatives and pieces of information may need
to be found through active search. The heuristie principles
for guiding search, whether across alternatives or informa-
tion, are what give search its direction (if it has one). For in-
stance, cues can he searched for in a random manner, or in
order of some pre-computed criterion related to their use-
fulness (Ch. 6), or based on a recollection about which cues
worked previously when making the same decision (Ch. 4).
Search for alternatives can si mi]a.rly be random or ordered.

Fast and-frugal search-guiding principles do not use ex-
tensive computations or knowledge to detenmine where to
look next. But such simplicity need not lead to a disadvan-
tage in decision accuracy, because simple search strategies
can help heuristies to be more robust than those that at-
tempt to optimize their information search. For instance,
the choice heuristies we focus on (Ch. 4) use cue orderings
that are easy to compute, ignoring dependencies between
rted to do (e.g,, Armelius
& Armelius 1974). If instead the heuristics computed con-
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ditional probabilities between cues to determine search or-
der, or tried all of the enormous number of cue orders to
find the optimal one for a given data set, they might be
slightly more aceurate — but only when fitting the data set
they already know. When making predictions about new
data, simple information search methods that ignore de-

ndencies between cues can actually yield more accurate
choices (Ch. 6).

3.2. Heuristic principles for stopping search

In our conception of bounded rationality, the temporal lim-
itations of the human mind (or that of any realistic decision-
making alg;nt) must be respected as much as any other con-
straint. Thisimplies in particular that search for alternatives
or information must ge terminated at some (preferably
early) point. Moreover, to fit the computational capacities
of the human mind, the method for &termining when to
stop search should not be overly complicated. For example,
one simple stopping rule is to cease searching for informa-
tion and make a decision as soon as the first cue or reason
that favors one alternative is found (Ch, 4). This and other
cue-based stopping rules do not need to compute an opti-
mal cost-benefit trade-off as in optimization under con-
straints; in fact, they need not compute any utilities or costs
and benefits at For searching through alternatives
(rather than cues), simple aspiration-level stopping rules
can be used, as in Simon’s original satisficing notion (Simon
1956h; 1990; see also Ch. 13).

3.3. Heuristic principles for decision making

Once search has been guided to find the appropriate alter-
natives or information and then been stopped, a final set of
heuristic principles can be called upon to make the decision
or inference based on the results of the search. These prin-
ciples can also be very simple and computationally bounded.
For instance, a decision or inference can be based on only
one cue or reason, whatever the total number of cues found
during search (see Chs. 2-6). Such one-reason decision
making does not need to weight or combine cues, and so
no common currency between cues need be determined.
Decisions can also be made thro::gh a simple elimination
process, in which alternatives are thrown out by successive
cues until only one final choice remains (see Chs. 10-12).

3.4. Putting heuristic building blocks together

These heuristic principles are the building blocks, or the
ABCs, of fast ang frugal heuristics. Given that the mind is
a biological rather than a logical entity, formed through a
process of successive ae_cruaﬁl, borrowing, and refinement
of components, it seems reasonable to assume that new
heuristics are built from the of the old ones, rather
than from seratch (Pinker 1998; Wimsatt 2000a). In this
light, we have used two main methods to construct compu-
tational models of fast and frugal heuristics: combining
building blocks and nesting existing heuristics. Heuristic
principles can be mmbine& in multiple ways, such as the
several guises in which we find one-reason decision making
throughout our book, though of course not arbitrarily: For
instance, a fast and frugal heuristic for two-alternative
choice that stops information search at the first cue on
which the alternatives differ must also use a decision prin-
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ciple based on one-reason decision making. Additionally,

entire fast and frugal heuristics can themselves be com- -
bined by nesting one inside another. As an example, the *
recognition heuristic (Chs. 2 and 3) works on the basis ofan
elementary cognitive capacity, recognition memory, but it
can also serve as the first step of heuristics that draw on
other capacities, such as recall memory (Chs. 4 and 5; see
also sect. 8 below on combining tools in the adaptive tool-
box). Recognition memory develops earlier than recall
memory both ontogenetically and evolutionarily. and the
nesting of heuristics can similarly be seen as analogous to
the addition of a new adaptation on top of an existing one.

4. Classes of heuristics

All of the heuristics that the ABC Research Group has been
exploring can be thought of as enabling a choice of one or
more objects or options from a (l-.uger% set of possibilities.
How many options there are in a particular decision situa-
tion, and how many are to be chosen, will partly determine
the heuristics that can be employed. The amount and kind
of cues available to make this choice can further constrain
the set of appropriate mental tools. Together, these features
divide the Eeurist:ics we have developed into the four main
classes presented in this section.

4.1, Ignorance-based decision making

The simplest kind of choice — numerically, at least — is to se-
lect one option from two possibilities, according to some
criterion on which the two can be compared. Many of the
heuristics described in our book fall into this category, and
they can be further arranged in terms of the kinds and
amount of information they use to make a choice. In the
most limited case, if the only information available is whether
or not each possibility has ever been encountered before,
then the decision maker can do little better than rely on his
or her own partial ignorance, choosing recognized options
over unrecognized ones. This kind of “ignorance-based rea-
soning” is embodied in the recognition heuristic (Ch. 2):
When choosing between two objects (according to some
criterion), if one is recognized and the other is not, then se-
lect the former. For instance, if deciding at mealtime be-
tween Dr. Seuss’s famous menu choices of green eggs and
ham (using the criterion of being good to eat), this%euris-
tic would Fead one to choose the recognized ham over the
unrecognized odd-colored eggs.

Following the recognition heuristic will be adaptive,
yielding good choices more often than would random
choice, in those decision environments in which exposure
to different possibilities is positively correlated with their
ranking along the decision criterion being used. To con-
tinue with our breakfast example, those things that we do
not récognize in our environment are more often than not
inedible, because humans have done a reasonable job of
discovering and incorporating edible substances into our
diet. Norway rats follow a similar rule, preferring to eat
things they recognize through past experience qu\ other
rats (e.g., items they have smelled on the breath of athers)
over novel items (Galef 1987). We have used a different
kind of example to amass experimental evidence that peo-
ple also use the recognition heuristic: Because we hear
about large cities more often than small cities, using recog-



nition to decide which of two cities is larger will often yield
the correct answer (in those cases where one city is recog-
nized and the other is not). In our experiments, over 80%
of the participants act in accordance with the recognition
heuristic, even after they have been taught further infor-
mation about the recognized cities that should lead them to
stop following this decision rule. Employing the recogni-
tion heuristic can lead to the surprising less-is-more effect,

in which an intermediate amount of (recoEn.itian) knowl-
e

edge about a set of objects can yield the highest proportion
of correct answers — knowing (i.e., recogni ing) more than
this will actually decrease performance (Ch. 2).

The recognition heuristic can be generalized to cases in
which several options are to be chosen from a larger set of
Bossibilities. for instance when several social partners are to

e chosen for some collaborative activity such as resource
exchange or hunting. We have investigated a modem-day
equivalent of this type of choice: selecting companies for
investment. When deciding which companies to invest in
from among those trading in a particular stock market, the
recognition heuristic would lead investors to choose just
those that they have heard of before. Such a choice can be
profitable assuming that more-often-recognized companies
will typically have some of the better-performing stocks on
the market —a testable, but not obvious, assumption.

We tested precisely this assumption, and this approach to
fast and frugal investing, by asking several sets of people
what companies they recognized and forming investment
portfolios based on the most familiar firms (Ch. 3). In this
(admittedly short-term) trial of a simple heuristic in an un-
forgiving and often chaotic real social environment, we
found that ignorance-driven recognition alone could match
and often beat the highly h-aineﬁr:risdom of professional
stock pickers, This does not, of course, prove that people
use the recognition heuristic when making such choices
(though common investment advice suggests this is so) - at
this point we only have evidence that using this heuristic
can be a surprisingly adaptive strategy in complex environ-
ments, Experimental examination of whether or not people
employ the recognition heuristic (and others) in these types
of social domains remains an important upcoming chal-
lenge.

4.2, One-reason decision making

Returning to choices of one of two options, most of the time
we have more information than just a vague memory of
recognition to go on, so that other heuristics can be em-
ployed. When multiple cues are available for guiding deci-
sions, how can a fast and frugal reasoner proceed? The most
frugal approach is to use a stopping rule that terminates the
search for information as soon as enough has been gathered
to make a decision, In particular, as mentioned earlier, one
can rely on one-reason decision making (Ch. 4): Stop look-
ing for cues as soon as one is found that differentiates be-
tween the two options being considered. This allows the de-
cision maker to follow a simple loop, as shown in Figure 3:
(1) select a cue dimension and look for the corresponding
cue values of each option; (2) compare the two options on
their values for that cue dimension; (3) if they differ (e.g.,
if one value is larger or if there is positive information _i%:r
one option but not for the other), then stop and choose the
option with the cue value indicating the greater value on
the choice criterion; (4) if they do not differ, then return to
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Select a cue and check cue values
of available alternatives

Does cue discriminate
between alternativas?

Yes

Decide on alternative indicated
by current cue

Figure 3, A flowchart of one-reason decision making, First,
search for a cue and the corresponding cue values of each alter-
native; next, check whether the values for that cue discriminate
between the alternatives; if so, then choose the indicated alterna-
tive; if not, select another cue and repeat this process. (Random
choice can be used if no more cues are available,)

the beginning of this loop (step 1) to look for another cue
dimension.

This little four-step loop incorporates two of the impor-
tant building blocks of simple heuristics: a stopping nile
(here, stopping after a single cue is found that enables a
choice between the two options) and a decision nule (here,
deciding on the option to which the one cue points). One
other building block remains to be specified, however, be-
fore we can build a particular heuristic. We must determine
just how cue dimensions are “looked for” in step 1 - that is,
we must pick a specific information search rule. We have de-
veloped gmse fast and frugal one-reason decision heuristics
that differ only in their search rule (Ch. 4; see also Gigeren-
zer & Goldstein 1996a). Take the Best searches for cues in
the order of their validity — that is, how often the cue has in-
dicated the correct versus incorrect options. Take the Last
looks for cues in the order determined by their Est success
in stopping search, so that the cue that was used for the most
recent previous decision (whether or not it was correct) is
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checked first when making the next decision. Finally, the
Minimalist heuristic selects cues in a random order.

What we found when we tested the performance of these
one-reason decision-making heuristics was again surpris-
ing: Despite (or often, as we found later, because of) their
simplicity and disregard for most of the available informa-
tion, they still made very accurate choices. We compared
these heuristics against 2 set of more traditional informa-
tion-combining methods such as multiple regression, which
weights and sums all cues in an optimal linear fashion, and
a simple linear strategy (dubbed Dawes's Rule) that counts
up all of the cues for and against a choice and looks at the
difference. We found that the simple heuristics always came
close to, and often exceeded, the proportion of correct in-
ferences achieved by multiple regression and Dawes’s Rule.
This unexpected performance was found first with the data
set that we have used as our simple “drosophila” example
in both human and simulation experiments: choosing the
larger of two German cities (Ch. 4). We then confirmed the
inference accuracy of these simple heuristics in a further 19
data sets selected for their variety in both number of objects
and number of cues available (Ch. 5).

The overall average performance across all 20 data sets
for two simple heuristics and two traditional decision meth-
ods is shown in Table 1 (under “Fitting"). The high accu-
tacy of Take the Best and Minimalist was achieved even
though they looked through only a third of the cues on av-
erage (and decided to use only one of them), while multi-
ple regression and Dawes’s Rule used them all (see Table 1,
“Frugality”). The advantages of simplicity grew in the more
important test of generalization performance, where the
decision mechanisms were applied toa portion of each data
set that they had not seen during training, Here, Take the
Best outperformed all three other algorithms by at least
two percentage points (see Table 1, “Generalization”). The
finding that a simple heuristic can outstrip its less frugal
brethren particularly when generalizing to new decisions
demonstrates the potential robustness of fast and frugal
reasoning, These heuristics even performed nearly as well
as much more sophisticated Bayesian methods that employ

Table 1. Performance of different decision strategies
across 20 data sets

_ Accuracy (% correct)
Strategy Frugality ~ Fitting  Generalization
Minimalist 2.2 B9 65
Take the Best 24 75 Tl
Dawes’s Rule 7T 73 69
Multiple regression T 7T 68

Performance of two fast and frugal heuristies (Minimalist, Take
the Best) and two linear strategies (Dawes's rule, multiple regres-
sion) across 20 data sets. The mean number of predictors available
in the 20 data sets was 7.7. “Frugality” indicutes the mean number
of cues actually used by each strategy. “Fitting aceuracy” indicates
the percentage of correct answers achieved by the strategy when
fitting data (test set = training set). "Generalization accuracy” in-
dicates the percentage of correct answers achieved by the strategy
when generalizing to new data (cross validation, ie., test set #
training set). (Data from Simple heuristics, Ch. 5.)
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complex caleulations to approach optimal behavior (Ch. 8).
(These results also show the well-known “flat maximum”
result that a linear model with equal-sized weights, e.g..
Dawes’s Rule, can predict about as well as mu_ll:ip%e regres-
sion; see Dawes 1979.) Thus, making good decisions need
not rely on the standard rational approach of collecting all
available information and combining it according to the rel-
ative importance of each cue — simply betting on one good
reason, even a reason selected at random, can do the trick.

But how? We turned to mathematical analysis (Ch. 6) to
uncover the secrets of success of one-reason decision mak-
ing. These simple heuristics are noncompensatory, mean-
ing that once they have used a single cue to make a decision,
no further cues in any combination can undo or compen-
sate for that one cue’s effect. When the information in the
decision environment is structured in a matching noncom-
pensatory fashion (i.e., the importance or validity of cues
falls off rapidly in a particular pattern), the Take the Best
heuristic can exploit that structure to make correct deci-
sions as often as compensatory rules, Take the Best also per-
forms comparatively well when information is scarce, that
is. when there are many more objects than cues to distin-
guish them. Finally, the particular ordering of cues used by
Take the Best, based on their ecalogical \.ﬂ?idil‘y rather than
other possible measures of validity. seems to give this heuris-
tic great robustness when generalizing to new choices. We
discuss this issue of exploiting environment structure fur-
ther in section 5.1.

One-reason decision making may be at work in more
than just consciously deliberated choices. We hypothesize
that simple heuristics such as Take the Best can also play a
role in memory reconstruction, updating and amending our
recollection of the past in a rapid manner when further in-
formation is encountered (Ch. 9). But this adaptive updat-
ing in memory can cause as a side effect the curious phe-
nomenon of hindsight bias - the erroneous belief that one’s
past judgments were closer to one’s present state of knowl-
edge than they actually were ("I knew it all along”). A mem-
ory model incorporating Take the Best can make precise
Eredictions about when individuals will show hindsight
ias, something that previous models have not allowed.

Single reasons can also suffice in sitnations where there
are more than two options — particularly, when individual
cues are fine-grained enough (or at least have enough pos-
sible values) to differentiate all the options. We lm\-eﬁocﬁfed
at the implications of this sort of single-cue decision mak-
ing in the domain of parental investment (Ch. 14), specifi-
cally asking: How can a parent decide which of several off-

ring it should give resources to first?

Parent birds, for instance, retumning to their nest with a
juicy bug, typically face a number of gaping mouths that
thev must decide between. The parent can use the weight,
hunger, age, or fixed position of each chick in the nest when

icking which one to feed. As in other tasks deseribed ear-
ier, decision-making approaches based on traditional no-
tions of rationality (e.[i. in Gary Becker's economic analysis
of the family; see Becker 1991) would dictate that the par-
ent should assess and combine all of these cues to come up
with the best choice (where “best” in this case means the
choice that will lead to the greatest growth of the nestlings).
But because each of these cues provides a full ordering of
all the chicks (e.g., one is heaviest, one is next heaviest, and
50 on), only one cue is necessary for an unambiguous deci-
sion. We found that one-cue feeding rules are not only pos-




sible, but can also be advantageous — they perform signifi-
cantly better (again in terms of total chici growth) than
rules that combine all the available information in an at-
tempt to look forward in time and predict the optimal
course of action (Ch. 14). This is another way that the sim-
plicity of fast and frugal rules can become an advantage: In
situations in which repeated decisions must be made (as in
feeding and raising ollg;riﬂg), asimple cue-based heuristic
that sticks to present knowledge can outperform rules that
attempt to predict an uncertain future, because it avoids the
compounded noise that accumulates the further forward
one strains to look.

4.3. Elimination heuristics for multiple-option choices

As the bird-feeding example just given shows, not all
choices in life are presented to us as convenient pairs of op-
tions — often we must choase between several aftemal:ives.
In situations where each available cue dimension has fewer
values than the number of available alternatives, one-reason
decision making will usually not suffice, because a single
cue will be unable to distinguish between all of the alterna-
tives. For instance, knowing whether ornot each of 15 cities
has a river is not enough information to decide which city
is most habitable. But this does not doom the fast and fru-
gal reasoner to a long process of cue search and combina-
tion in these situations. Again, a simple stopping rule can
work ta limit information search: Only seek cues (in an or-
der specified by the search nule) until enough is known to
make a decision. But now a different type of decision rule
is needed instead of relying on one reason. One way to se-
lect a single option from among multiple alternatives is to
follow the simple principle of elimination: Successive cues
are used to eliminate more and more alternatives and thereby
reduce the set of remaining options, until a single option
can be decided upon.

The QuickEst heuristic (Ch. 10) is designed to estimate
the values of objects along some criterion while using as lit-
tle information as possible. The estimates are constrained
to map onto certain round numbers (for instance, when es-
timating city population sizes, QuickEst can return values
of 100,000, 150,000, 200,000, 300,000, and other “sponta-
neous” numbers, following Albers 1997), so this heuristic
can be seen as choosing one value from several possibilities.
QuickEst is designed to work well in environments charac-
terized by a J-distribution, where there are many more ob-
jects at one end of a criterion range than at the other. To ex-
ploit this environmental structure, QuickEst first looks at a
cue that separates the most common objects from all of the
others (e.g., because most small cities in Germany do not
have a professional soccer team, this cue should be one of
the first checked when estimating a German city’s popula-
tion). QuickEst then looks at the next cue that separates the
remaining most common objects from the rest, and so on
until an estimate can be made. To estimate the criterion
value of a particular object, the heuristic looks through the
cues or features in this order until it comes to the first one
that the object does not possess, at which point it stops
searching for any further information (e.g., if a city pos-
sesses the first several features in order but lacks an e
sition site, search will stop on that cue). QuickEst then gives
the "rounded"” mean criterion value associated with the ab-
sence of that cue as its final estimate (e.g., the mean size of
all cities without an exposition site). Thus in effect Quick-
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Est uses features that are present to eliminate all common
criterion categories, and absent features to eliminate all less
common criterion categories, so that only one criterion es-
timate remains. No cue combination is necessary, and no
adjustment from further cues is possible.

QuickEst proves to be fast and frugal, as well as accurate,
in environments in which small values are frequent and
large values are rare, a distribution that characterizes a va-
riety of naturally occurring phenomena including many
formed by accretionary growth. This growth pattern applies
to cities (Makse et al. 1995), and indeed big cities are much
less common than small ones. As a consequence, when ap-
plied to the data set of German cities, QuickEst is able to
estimate rapidly the small sizes that most of them have.

We have also used the principle of elimination to build a
categorization heuristic called Categorization by Elimina-
tion (Ch. 11; see also Berretty et al. 1997), In this case, the
task is to choose the one category, from several possible,
that a given object falls into. The simple Categorization by
Elimination heuristic makes aceurate category judgments
by using each successive cue to whittle away the set of
Eossibie categories to which the object in question could

elong, until only a single possible category remains. Its
performance comes within a few percentage points of the
accuracy of traditional categorization algorithms including
exemplar and neural network models, and yet in our tests it
uses only about a quarter of the information that these other
models employ. In situations in which categorization must
be performed quickly and cues take time to search for, this
fast and frugal approach has clear advantages.

Such advantages are obvious in the case of trying to as-
certain and categorize the intentions of other animals (in-
cluding humans) we happen to encounter, If we can decide
quickly and with few cues whether an approaching person
or bear is interested in fighting, playing, or courting, we will
have more time to prepare ans react accordingly (though in
the case of the bear al.r three intentions may be equally un-
appealing). Some of the most obvious cues of intention that

can be assessed at a distance (as opposed to facial expres-

sion, for instance, which requires closer serutiny) are con-
tained in an organism’s motion: Is it coming at me or head-
ing away, slowly or quickly, directly or indirectly? We have
investigated just what motion cues (including velocity,
heading, and curvature of path) people can use along with
the Categorization by Elimination heuristic to judge the in-
tention of another organism in a fust and £ u? manner
(Ch. 12; see also Blythe et al. 1996). We determined a set
of simple motion cues that can be combined (e.g, by a
neural network) to indicate intention correctly in over 80%
of our laboratory trials; Categorization by Elimination uses
only half of these cues und still correetly predicts two-thirds
of the intentions, similar to the performance of trained hu-
man observers.

4.4. Satisficing heuristics

All the heuristics that we have discussed so far for choosing
one option from more than one operate with the assump-
tion that all the possible options are presently available to
the decision maker: For instance, all the possible categories
of motion are known, and all the chicks are sitting patiently
in the nest. But a different strategy is called for when alter-
natives themselves (as opposed to cue values) take time to
find, appearing sequentially over an extended period or
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spatial region. In this type of choice task, a fast and frugal
reasoner need not (only) limit information search, but (also)
must have a stopping rule for ending the search for alter-
natives themselves. One instance of this type of problem is
the challenge that faces individuals searching lor a mate
from a stream of potential candidates met at different
points in time. Here, Simon’s (1956b, 1990) notion of a sat-
isficing heuristic can be adaptive: An aspiration level is set
for the selection criterion being used, and the search for al-
ternatives is stopped as soon as the aspiration is met.

We have begun our study of satisficing heuristics for se-
quential search, including mate search, by simulating their
performance in different mating environments (Ch: 13), fo-
cusing on simple methods for setting the aspiration level.
The goal was to find satisficing heuristics that would limit
both the time needed to determine a good aspiration level
and the average number of potential matesﬁat had to be
considered before one was found exceeding the aspiration
level. We have identified a class of simple learning heuris-
tics that do indeed determine such adaptive aspiration lev-
els, while still coming close to the criterion-selection per-
formance of more optimal (and much slower) search rules.
The next step, of course, is to test these theoretically plau-
sible heuristics against data gleaned from observations of
real people engaged in the mating game.

5. Why and when do simple heuristics work?
The basics of ecological rationality

Traditional definitions of rationality are concerned with
maintaining internal order of beliefs and inferences (sect.
6.1). But real organisms spend most of their time dealing
with the extema% disorder of their environment, trying to
make the decisions that will allow them to survive and re-
produce (Tooby & Cosmides 1998). To behave adaptively
in the face of environmental challenges, organisms must be
able to make inferences that are fast, frugal, and accurate.
These real-world requirements lead to a new conception of
what proper reasoning is: ecological rationality. Fast and
frugal heuristics that are matched to particular environ-
mental structures allow organisms to be ecologically ratio-
nal. The study of ecological rationality thus involves analyz-
ing the structure of environments, the structure of heuristics,
and the match between them, as we demonstrate through-
out our book.

How is ecological rationality possible? That is, how can
Fast and frugal heuristics work as well as they do, and escape
the tradeoffs between different real-world criteria including
speed and accuracy? The main reason for their success is that
they make a tradeoff on another dimension: that of general-
ity versus specificity, What works to make quick and accu-
rate inferences in one domain may well not work in another.
Thus, different environments can have different specific fast
and frugal heuristics that exploit their particular information
structure to make adaptive decisions. But specificity can also
be a danger: if a different heuristic were required for every
slightly different decision-making environment, we would
need an unworkable multitude of heuristics to reason with,
and we would not be able to generalize to previously unen-
countered environments. Fast and frugal heuristics avoid
this trap by their very simplicity, which them to be ro-
bust when confronted by environmental change and enables
them to generalize well to new situations.
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5.1. Exploiting environment structure

Fast and frugal heuristics can benefit from the way infor-
mation is structured in environments. The QuickEst heuris-
tic described earlier, for instance (Ch. 10), relies on. the
skewed distributions of many real-world variables such as
city population size — an aspect of environment structure
that traditional statistical estimation techniques would ei-
ther ignore or even try to erase by normalizing the data.
Standard statistical models, and standard theories of ratio-
nality, aim to be as general as possible, so they make as
broad and as few assumptions as possible about the data to
which they will be applied. But the way information is struc-
tured in real-world environments often does not follow
convenient simplifying assumptions. For instance, whereas
most statistical models are designed to operate on datasets
where means and variances are independent, Karl Pearson
(1897) noted that in natural situations these two measures
tend to be correlated, and thus each can be used as a cue to
infer the other (Einhorn & Hogarth 1981, p. 66). While
general statistical methods strive to ignore such factors that
could limit their applicabi]jg', evolution would seize upon
informative environmental dependencies like this one and
exploit them with specific heuristics if they would give a
decision-making organism an adaptive edge.

Because ecoﬁ)gical rationality is a consequence of the
match between heuristic and environment, we have inves-
tigated several instances where structures of environments
can make heuristics ecologically rational:

Noncompensatory information. The Take the Best heuris-
tic equals or outperforms any linear decision strategy when
information is noncompensatory, that is, when the potential
contribution of each new cue falls off rapidly (Ch. 6).

Scarce information. Take The Best outperforms a class of
linear models on average when few cues are known relative
to the number of objects (Ch. 6).

[-shaped distributions. The QuickEst heuristic estimates
quantities about as accurately as more complex informa-
tion-demanding strategies when the criterion to be esti-
mated follows a J-shaped distribution, that is, one with
many small values and few high values (Ch. 10).

Decreasing Eo;pulaﬂan_s. In situations where the set of al-
ternatives to choose from is constantly shrinking, such as in
a seasonal mating pool, a satisficing heuristic that commits
to an aspiration level quickly will outperform rules that sam-
ple many alternatives before setting an aspiration (Ch. 13).

By matching these structures of information in the envi-
ronment with the structure implicit in their building blocks,
heuristics can be accurate without being too complex. In
addition, by being simple, these heuristics can avoid being
too closely matched to any particular environment — that is,
they can escape the curse of overfitting, which often strikes
more complex, parameter-laden models, as described next.
This marriage of structure with simplicity produces the
counterintuitive situations in which there is little trade-off
between being fast and frugal and being accurate.

5.2. Robustness

How can simple domain-specific heuristics ever be about as
accurate as cornglex general strategies that work with many
free parameters? One answer lies in not being oo specific.
Simple heuristics are meant to apply to specific environ-
ments, but they do not contain enough detail to match any



