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Behavioral operations management, or simply behavioral operations
(BOps), aims at understanding the decision-making of managers and at
using this understanding to generate interventions that improve the oper-
ation of the supply chain. To do so, BOps imports knowledge from a
number of fields such as economics, psychology and other social and
behavioral sciences. We point out a blind spot in this knowledge: In
BOps, the heuristics that people use are typically, although not always,
viewed as a liability. The issue with this view is that it does not explain
when and in what way heuristics can be an asset. We propose, as a
research program for BOps, uncovering the conditions under which the
heuristics that supply chain managers use are an asset, as well as the con-
ditions under which they are a liability. We briefly discuss some research
on heuristics in BOps and show how the study of quantitative models of
heuristics can complement it.
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INTRODUCTION
Managerial decision-making is of course very impor-

tant in supply chains. The standard approach to
understanding it assumes that managers are rational
economists – they gather all relevant information and
use all necessary time and computational resources to
process this information – but the times are changing:
Carter, Kaufmann and Michel (2007) introduced
behavioral supply management, ‘as the study of how
judgment in supply management decision-making
deviates from the assumptions of homo economicus’
(p. 634). In this note, we use the term behavioral
operations management or simply behavioral operations
(BOps) (Gans & Croson, 2008; Gino & Pisano, 2008;
Loch & Wu, 2005).

Behavioral operations is an interdisciplinary endeav-
our (Bendoly, Croson, Goncalves & Schultz, 2010;
Carter et al., 2007; Gans & Croson, 2008; Kaufmann,
Carter & Buhrmann, 2010; Kaufmann, Michel & Car-
ter, 2009; Loch & Wu, 2005). Now, to paraphrase
Alexander Pope, a little interdisciplinary learning is a
dangerous thing: BOps has imported mainly one view
of decision-making, in which the heuristics that people
use, which lead to deviations from the assumptions
of homo economicus, are typically viewed as a liabil-
ity. We aim at making BOps researchers aware of a
blind spot in this view: Heuristics can be an asset,
and research outside BOps has identified conditions
under which heuristics lead to better, or worse,
decisions.

HEURISTICS CAN BE AN ASSET
There are many definitions of heuristics in computer

science, psychology and operations research (for more
discussion, see Katsikopoulos, 2011). In psychology,
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some researchers draw a distinction between intuitive
and deliberate heuristics (Kahneman, 2003) and
others question the usefulness of this distinction (Kru-
glanski & Gigerenzer, 2011). In this note, a heuristic
is defined as a simple rule of thumb that leads to
decisions in little time and with little information and
computation. For example, Simon’s (1955) satisficing
is a heuristic: Decision options are searched until an
option with attribute values better than predetermined
thresholds is found – for example, a coffee machine
supplier who can deliver 1,000 machines within
2 weeks and charges <$50,000 – when such an option
is found, no more information is gathered, no more
computations are made, and this option is chosen.
Heuristics do not aim at finding an option that opti-
mizes a mathematical model of the decision problem.
It is clear that managers use heuristics (March,

1994). The question is what to do about that. Should
we try to change it, let it be or foster it? It depends on
what research tells us about the performance of heu-
ristics on the decision problem at hand. There are two
major research programs on heuristic decision-making
(Kelman, 2011), but just one seems to dominate the
BOps literature.
In the work of Tversky and Kahneman and their

colleagues, heuristics are linked to biases, in the sense
of deviations from the norms of logic and probability.
In fact, their research program is known as the heuris-
tics-and-biases program (Kahneman, Slovic & Tversky,
1982). BOps has picked this label up (Carter et al.,
2007; Loch & Wu, 2005). The label is significant
because it could be read as suggesting that heuristics
are a liability. The point is not that the heuristics-and-
biases program holds that heuristics are a liability; to
be sure, Tversky and Kahneman (1974, p. 1124))
wrote: ‘heuristics are quite useful, but sometimes they
lead to severe and systematic errors’. But as Lopes
(1991, p. 65) has argued in detail, research on heuris-
tics and biases has led to ‘widely published claims that
human judgment abilities are poor’.
In this vein, it seems that heuristics are typically

viewed as a liability in the BOps literature. For exam-
ple, the title of Carter et al. (2007) foundational article
identifies behavioral supply management with the
study of biases: ‘Behavioral supply management: A tax-
onomy of judgment and decision-making biases’. In
their review of behavioral experiments in supply chain
management research, Croson and Donohue (2002)
focus on cognitive limitations when discussing
observed human behaviour. Table 1 of the review of
Gino and Pisano (2008) is a catalogue of how heuris-
tics can impair the operation of systems and processes.
The journal Production and Operations Management has
a department of behavioral operations that seeks to
understand operations, ‘by explicitly accounting
for empirically observed human tendencies and

influences, such as decision biases, cognitive limita-
tions, individual preferences and social institutions’.
(http://www.poms.org/journal/departments/).
In all these cases, there is no mention of how heuris-

tics can improve the operation of supply chains. The
point is not that BOps holds that heuristics are a liabil-
ity; for example, Loch and Wu (2005, p. 42) wrote: ‘in
many situations, they [heuristics] are good first cut
approximates when other information is insufficient’.
The point is that the BOps literature has not examined
in what way exactly heuristics can be an asset.
The fast-and-frugal-heuristics program of Gigerenzer

and his colleagues articulates how heuristics can be an
asset, by viewing them as adaptive (Gigerenzer, Her-
twig & Pachur, 2011). Adaptive heuristics lead to out-
comes that ensure the viability and competitiveness of
their users (Payne, Bettman & Johnson, 1993). For
example, a manager who has identified a coffee
machine supplier who delivers the required number
of machines in a timely fashion and at a reasonable
price may ensure the competitiveness of a supply
chain. While there are references to fast and frugal
heuristics and their efficacy in behavioral strategy
(Bingham & Eisenhardt, 2011; Levinthal, 2011), we
could not find such references in the BOps literature.
Interestingly, however, Bendoly, Donohue and Schultz
(2006, pp. 740–741) have suggested that BOps
models should not necessarily assume that decision
makers ‘intend’ to optimize but that they can ‘react’
adaptively, just as users of fast and frugal heuristics
are purported to do.
Note that the heuristics-and-biases- and fast-and-fru-

gal-heuristics programs do not differ, as it is some-
times said, in that the former claims that heuristics
are mostly a liability while the latter claims that they
are mostly an asset (see also the exchange between
Kahneman & Tversky, 1996 and Gigerenzer, 1996).
Attempting to establish either claim would lead to the
wrong research questions. The difference is that the
fast-and-frugal-heuristics program has developed
quantitative models of heuristics – instead of verbal
labels such as availability – and used these models to
identify precise conditions under which heuristics lead
to better, or worse, decisions than models that use
more time, information and computation. This is the
study of the ecological rationality of heuristics (Todd &
Gigerenzer, 2012). This term expresses that the fast-
and-frugal-heuristics program evaluates heuristics not
according to logical norms such as transitivity but
according to performance in the ecology of real-world
decision problems.
For example, consider the problem of predicting the

purchasing behaviour of customers. It is important to
know which of the past customers will continue buy-
ing (the active customers) and which will not (the
inactive customers). Wuebben and von Wagenheim
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(2008) reported that, in the airline and apparel busi-
nesses, experienced managers rely on a fast and frugal
heuristic, the hiatus heuristic: ‘Call t the number of
months since a customer’s last purchase. Classify the
customer as active if and only if t < 9’.
It is tempting to assume that the hiatus heuristic

leads to inferior performance. After all, it uses only
one attribute (time since the last purchase) and
ignores the full purchase history, which is used by tra-
ditionally rational models such as the Pareto-NBD
(Negative-Binomial Distribution) model. Wuebben
and von Wagenheim (2008), however, found that the
heuristic model made more accurate predictions than
the Pareto-NBD model in the airline and apparel busi-
nesses and that the models were equally accurate in
the music business.
More generally, the study of ecological rationality

has identified general conditions under which fast and
frugal heuristics, such as the hiatus heuristic, perform
well or less well (Katsikopoulos, 2011). For example,
models of heuristics tend to perform better than more
mathematically sophisticated models, developed in
operations research and management science, when
the sample available to calibrate parameters is small.
In the same spirit, we propose as a research program

for BOps, uncovering the conditions under which the
heuristics that supply chain managers use are an asset,
as well as the conditions under which they are a lia-
bility.
Of course, there exists research on heuristics in

BOps. The next section briefly discusses some of this
research and shows how the study of fast and frugal
heuristics can complement it.

THE STUDY OF HEURISTICS
Behavioral approaches to supply chain management

seem to follow, to a large extent, on the footsteps of
behavioral economics. This means that (i) data are
gathered on people’s actual decision-making, and (ii)
the data are modelled by assuming that people decide
as if they optimize a utility function. We believe that
the study of fast and frugal heuristics can contribute
on both counts.
First, consider BOps empirical research. Some of it

seems to not try to identify the heuristics people use.
For example, the work on the beer distribution game
focuses on either demonstrating the so-called bull-
whip effect – orders at each level of the supply chain
oscillate and these oscillations amplify from down-
stream to upstream – or at reducing it (Croson &
Donohue, 2002). Identifying the heuristics at work
would mean specifying the underlying psychological
processes that lead to the effect. For example, based
on Croson and Donohue (2002), a first speculation
may be that upstream chain members, such as

manufacturers, make decisions by considering infor-
mation sequentially whereby the inventory position of
the retailer is first in the sequence, and if this attribute
is not known, they decide based on the next known
attribute in the sequence (the complete sequence of
attributes remains to be specified).
Identifying the underlying heuristic processes would

increase our understanding of operational decision-
making. It has been done outside BOps. For example,
heuristics that rely on one attribute have helped to
understand decisions in the laboratory as well as ‘in
the wild’ (Gigerenzer et al., 2011). To wit, in order to
decide which of two residential properties is more
likely to be burgled, police officers and experienced
burglars in the UK appear to use only one attribute
(for example, is there a garden in the property? Gar-
cia-Retamero & Dhami, 2009).
Second, consider modelling in BOps. In behavioral

economics, it is assumed that people decide as if they
optimize a utility function. Beyond monetary
self-interest, this utility function also captures social
preferences and norms. For example, to describe
equal-split offers in bargaining games, Fehr and
Schmidt (1999) included inequity aversion in the util-
ity function. In BOps, Loch and Wu (2008) used this
approach to build a model of how a manager chooses
a supplier. Another method of behavioral economics
is to model people as not always making a utility-
maximizing decision but as potentially making any
decision according to a probability distribution that
depends on utilities. This can be done using the quan-
tal response framework of McKelvey and Palfrey
(1995). In BOps, Su (2008) built a newsvendor
model by combining a utility function with the quan-
tal response framework.
It has been questioned how well utility models

describe human behaviour (Binmore & Shaked, 2010;
Friedman & Sunder, 2011). This is a controversial
point (see the exchange between Binmore & Shaked,
2010 and Fehr & Schmidt, 2010). Below, we argue for
the weaker thesis that the descriptive adequacy of util-
ity models has not yet been established, and thus
alternative models, such as models of heuristics,
should be considered as well.
If a model can fit a behaviour, this does not neces-

sarily mean that it can also predict it. In prediction,
the model parameters are calibrated on a data sample,
and the model, with fixed parameters, is tested on
another sample; in fitting, the parameters are cali-
brated anew on each sample. In other words, fitting
refers to making sense of the past and prediction
refers to forecasting the future. In the philosophy of
science, prediction is considered to be a more appro-
priate test of how descriptively adequate a model is
(Musgrave, 1974), and this is also accepted in
behavioral economics (Fehr & Schmidt, 2010).
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Thus, it is necessary to compare the predictive accu-
racy of competing models such as utility and heuristic
models. This, unfortunately, is rarely done in behavio-
ral economics (Binmore & Shaked, 2010). We could
not find such work in BOps either. Research outside
BOps suggests that model comparisons in BOps
cannot be just assumed to favour utility models. For
example, in risky choice, it has been shown empiri-
cally and analytically (Katsikopoulos & Gigerenzer,
2008) that the so-called priority heuristic – which
considers attributes sequentially – has higher predic-
tive accuracy than Tversky and Kahneman (1992)
cumulative prospect theory. In ultimatum bargaining,
a quantitative model of Tversky and Kahneman’s
anchoring-and-adjustment heuristic is more predic-
tively accurate than the Fehr and Schmidt (1999)
model combined with the quantal response frame-
work (Hariskos, Katsikopoulos & Gigerenzer, 2012).
In sum, given the contributions of the study of

models of fast and frugal heuristics in research outside
BOps, we suggest that it can be used to complement
BOps research on heuristics.

CONCLUSIONS
Behavioral operations are an interdisciplinary

endeavour. But so far it has incorporated primarily
one view of how people make decisions, a view that
automatically links people’s heuristics to biases and
errors. We addressed this blind spot by drawing atten-
tion to the fast-and-frugal-heuristics research program.
This program has shown that quantitative models of
heuristics can outperform models traditionally consid-
ered more rational. Work on the ecological rationality
of heuristics provides an insight into the fact that
when this is the case and when it is not. Quantitative
models of heuristics have also been used to describe
laypeople’s and professionals’ actual decision-making,
in some cases better than utility models do. This note
will have achieved its purpose if it raises the aware-
ness of BOps researchers about the interesting ways in
which the study of fast and frugal heuristics can influ-
ence theory development in the supply chain manage-
ment discipline.
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