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Abstract

Many studies in operations management started to explicitly model customer
behavior. However, it is typically assumed that customers are fully rational
decision-makers and maximize their utility perfectly. Recently, modeling cus-
tomer bounded rationality has been gaining increasing attention and interest.
This paper summarizes various approaches of modeling customer bounded ra-
tionality, surveys how they are applied to relevant operations management set-
tings, and presents the new insights obtained. We also suggest future research
opportunities in this important area.
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1. Introduction

How to model “demand” plays an important role in the operations man-
agement (OM) literature. Historically, an exogenous (and aggregate) demand
distribution is assumed. Later, it is recognized in the OM research community
that demand depends on how customers react to firm strategies. Therefore,
customer-driven demand models emerge. Customers are assumed not to antici-

pate future prices or availability; they are myopic and purchase if their current
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utility from purchasing is positive. The recent body of literature started to
investigate forward-looking or strategic customers who strategically time their
purchases in anticipation of future discounts. A key common assumption made
in this extensive literature is that customers are fully rational: they are perfect
utility-maximizers and form “rational expectations” about the firm’s strategies;
that is, they perfectly anticipate the firm’s strategies in equilibrium. Undoubt-
edly, this is a strong assumption in some real settings. Then a natural and
important question for both academics and practitioners is how robust the ex-
isting findings and managerial insights are with respect to this “full rationality”
assumption.

The concept of bounded rationality was introduced into OM from the eco-
nomics literature. Simon [I} 2] coins the term “bounded rationality” to refer to
decision-making behaviors where the agent searches over alternatives and settles
on a “satisfactory” (not necessarily the optimal) solution. Later, economics re-
searchers have constructed a variety of modeling frameworks to capture agents’
bounded rationality, e.g., the quantal response model [3| [4 [5], the anecdotal
reasoning framework [6l [7], and the cognitive hierarchy model [8] [9].

The remainder of this paper is as follows. In Section [2] we present bounded
rationality frameworks in the economics literature that are relevant for OM.
Next, we review the literature of modeling customer bounded rationality in
Section in OM settings, especially service operations management (SOM) and
revenue management (RM). We conclude the survey in Section |4 and discuss

future research opportunities.

2. Approaches to Model Bounded Rationality

In this section, we review several approaches to model bounded rationality
that are relevant for OM settings. We focus on the psychological underpinnings
and economics theories of these approaches, and will discuss their OM applica-
tions in the next section. For brevity, this review does not provide an exhaustive

list of all approaches to model bounded rationality and we refer interested read-
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ers to [6l [7] for comprehensive reviews of bounded-rationality models in the

economics literature.

2.1. Logit Choice Model

It is well-established in the psychology literature that human decision-makers
are not consistent in their comparative judgment in the sense that they give dif-
ferent judgements about the same pair of stimuli from one occasion to the next
[10]. This observation is illustrated vividly by the famous Weber’s Law, which
states that the just-noticeable difference between two stimuli is proportional to
their magnitude [II]. As a result of the judgment inconsistency, the human
decision-maker’s choice behavior is usually probabilistic [3], choosing each can-
didate with positive probability. In addition, according to the Fechner’s Law
[12], the subjective sensation is proportional to the logarithm of the stimulus in-
tensity. Therefore, Thurstone [10} [I3] concludes that the more intense stimulus
is chosen more often, which he formalizes as the Law of Comparative Judgment.
Based on Thurstone’s work, Luce [3] axiomatizes the choice behavior and shows
that better choices (in the sense of higher v-scale, see Theorem 3 on p. 23 of
[3]) are chosen more often.

To motivate this choice model, consider an example in which a decision-
maker chooses between an action that entails payoff v > 0, and an outside
option that entails null payoff. Obviously, a fully rational decision-maker takes
the action for sure. Now suppose that she is boundedly rational in the sense of
estimating the payoff of taking the action as v + €, where € represents an zero-
mean random estimation error. We focus on the logit choice model by assuming
that e follows a logistic distribution F(x) = 1/(1+e~%/?), where > 0 captures
the error term’s standard deviation o (¢ = 76/v/3). This assumption is a
result of the axiom of Independence of Irrelevant Alternatives [3], and it has
been adopted extensively in the economics and OM literature. In addition, we
assume that the decision-maker accurately estimates the payoff of the outside

option. Therefore, the boundedly rational decision-maker takes the action when
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v + € > 0 and the outside option otherwise, i.e., the probability to act is

ev/@

P(€>_U):1—F(—’U>:W

(1)

Note that 6 captures the decision-maker’s level of bounded rationality. In par-
ticular, as 6 goes to zero, the random error vanishes and she takes the action
for sure. Conversely, as 6 goes to infinity, the error is so noisy that the action
payoff v is fully overshadowed and the decision-maker takes the action and the
outside option with equal probability.

To interpret the choice model in another way, we denote p = P(e > —v) and

rewrite Equation as

n(;2) =5 @)
where the left-hand side (LHS) is the log odd of taking the action. Therefore,
the logit choice model can be explained as decision-making following the classic
logit regression model. Equation also shows that 6 represents the level of
bounded rationality by measuring how sensitive the payoff of action influences
the decision: a more boundedly rational decision-maker (i.e., higher ) is less
responsive to an increase in the payoff of taking the action.

The above logit choice model can be easily generalized to include more ac-
tions. Suppose that the decision-maker has K actions, each one leading to payoff
ug (k€ {1,...,K}). In the logit choice model, her probability of choosing action
k is

cun/0

=
Z eul/a
=1

The model can be further extended to continuous choices. Suppose that the

Pk =

decision-maker chooses an action z € S and her payoff of choosing x is u(x).
In the logit choice model, her choice is a probability distribution on support S
with the density function
ou()/0
f(z) = T e ®7g; (3)
A more systematic treatment of the logit choice model is available from [3] [14]

15].
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Based on the logit choice model, McKelvey and Palfrey [4] and Chen et
al. [B] develop the concept of the logit quantal response equilibrium (QRE),
in which each player follows the logit choice model and believes that other
players do so as well. To formalize this idea, consider a normal-form game with
a set of N = {1,...,n} players. Each player i € N has a strategy set S; =
{s}, ..., sf} consisting of k; pure strategies, and a von Neumann-Morgenstern
(vNM) utility function w; : S — R, where S = [],cy Si denotes the set of all
players’ pure strategy combinations. Moreover, we denote by A;(S;) the set
of probability distributions on S; and refer to m; = {r},...,7¥} € A;(S;) as
a mixed strategy of player 4, where ﬂ'g is her probability of choosing action j.
In addition, denote w_; as the strategy profile of all players except player ¢,
Le, 7y = {m, ..., M1, Tig1, ..., T} (mj; € A;(S;) for all j € N). Consistent

with the definition of the logit choice model, we define a player’s logistic choice

response as below.

Definition 1. Given player i’s belief about other players’ mized strategy profile
by = {b1,...;bic1,bit1, ..., bn} (bj € Aj(S;) for all j € N), her mized strategy
oi(b—;) € A(S;) is a logistic response to b_; with precision 0 if for all k €
{1,...,k;},
wi(s¥,b-1)/0

O'f(bfl) = —kle .
E ewi(sh,b—s)/0
=1

The logit QRE is defined by an equilibrium where each player responds
logistically to other players’ strategy profile, which is also a combination of

logistical responses. The formal definition is given as below.

Definition 2. A mized strategy profile 7 = (71, ...,7) € [[;cn A(S:) is a logit
QRE if for all pure strategy sk € S; of each player i,

l l

T =0y (//T—i)'

We refer interested readers to [4] for the proof of the existence of a logit
QRE in any normal-form game. Moreover, Definition [2] can be generalized to

incorporate heterogeneous levels of bounded rationality across players [4]. The
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logit QRE has been extensively applied in the economics literature, including

auction [16, [I7], bargaining [18], and monopolistic screening [19].

2.2. Anecdotal Reasoning

The standard decision theory assumes that the decision-maker fully under-
stands the situation and makes decisions based on it rationally. However, this
requirement may not hold in practice. For example, a customer may not know
the average food quality in a restaurant because she patronizes it infrequently.
A patient may not be able to estimate the healthcare quality of a particular
provider due to a lack of relevant expertise.

These assumptions become even more demanding in a game-theoretical set-
ting. As Osborne and Rubinstein [20] point out, the concept of Nash equilibrium
requires each player to not only know her own set of actions and payoffs, but also
form correct beliefs about the various uncertainties she faces (e.g., the number
of other players and their payoffs). Even if the player has full information, she
may still not make decisions fully rationally because it is usually challenging
to recognize the connection between the actions of the decision-maker and her
opponents with an outcome of the game in real-time decision makings.

Although the decision-maker may not fully understand the situation, she
can usually connect each action to several independent outcomes from anecdotal
evidence. For example, the customer may know the food quality experienced
by acquaintances who have been to the restaurant before, and the patient may
hear complaints and/or compliments about the healthcare quality of a hospital
from other patients. To capture decision-making based on anecdotes, Osborne
and Rubinstein [20] proposed the anecdotal reasoning framework [20], where
the decision-maker takes the average payoff across all anecdotes related to each
action, and then chooses the action with the highest average payoff. In other
words, she makes decisions as if her payoff from each action is equal to the
average payoff from anecdotes. This is consistent with the representativeness
heuristic in the psychology literature [2I) 22], in which people expect a small

sample to mirror the probability distribution from which it is drawn.
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To illustrate this decision rule, consider an example where a decision-maker
chooses between an action that leads to a random payoff V, and an outside
option that entails null payoff to maximize the expected payoff. V is normally
distributed with mean V' > 0 and standard deviation o, i.e., V ~ N(V,co?).
Obviously, a rational decision-maker takes the action for sure. With anecdo-

tal reasoning, she samples the action k times to obtain i.i.d. payoff samples

V; (i € {1,...,k}), and then chooses to take the action if Ekvi > 0. Since
% ~ N(V,02/k) by V; ~ N(V,0?), the decision-maker takes the action with
probability

P (ZkV > 0> =1-®(-VVk/o),

where ®(-) denotes the cumulative distribution function of the standard normal
distribution. This choice behavior suggests that the decision-maker errs by
taking the action less than a fully rational counterpart. Moreover, k measures
the decision-maker’s rationality level: as k goes to infinity, the average payoff
across anecdotes reflects V' accurately, so the decision-maker takes the action for
sure. Also note that the uncertainty of V is indispensable. Otherwise, anecdotal
reasoning leads to no bounded rationality because each anecdote accurately
reflects the true payoff of action.

The example above illustrates anecdotal reasoning when there is only one
decision-maker. To characterize the choices of multiply players, all of whom use
anecdotal reasoning, Osborne and Rubinstein [20] propose the S(k)-equilibrium.
In this equilibrium, all players use mixed strategies, and the probability for a
player to choose a particular action is equal to the probability that this action
leads to the highest average payoff across k anecdotes. Next, we provide the
formal definition of the S(k) symmetric equilibrium in a normal-form two-player
game [20].

Consider a symmetric normal-form game with two players. Each player has
a strategy set S = {s1, ..., $;n } consisting of m pure strategies, and a vINM utility
function v : S x S — R. Moreover, we denote by A(S) the set of probability

distributions on S and refer to o € A(S) as a mixed strategy. For each strategy
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s; € S, let ¥(s;,0,k) be the random variable equal to the average of k inde-
pendent random variables, each of which yields u(s;, s;) with probability o(s;)
for each s; € S. Therefore ¥ (s;,0, k) represents a player’s average payoff from
k anecdotes in which the other player follows the mixed strategy o. Denote
by w(s;, 0, k) the probability that the strategy s; obtains the highest average
payoft, i.e., w(s;,0,k) = P(¥(ss,0,k) > ¥ (x,0,k)) for all z € S. Moreover,

ties are broken by an equiprobability rule.

Definition 3. For any positive integer k, an S(k)-equilibrium is a mized strat-
egy o that satisfies

w(5i7 a, k) = O(Si)
for every strateqy s; € S.

It is straightforward to generalize the above definition to include more than
two players and incorporate the asymmetric game (see Definition 2 of [20]). In
addition, Osborne and Rubinstein [20] show the existence of a S(k)-equilibrium
and its convergence to a mixed-strategy Nash equilibrium (NE) when k — oco.

Over the past decade, economists have applied the S(k)-equilibrium to model
customers’ anecdotal reasoning. Spiegler [23] studies a price-competition game
of n “quacks,” whose treatment does not influence the patient’s probability
of recovery. This market is inactive when patients are fully rational. When
they use anecdotal reasoning, however, the market becomes active and patients
suffer from a welfare loss due to bounded rationality. Szech [24] endogenizes
the quacks’ service quality decision and shows that they mainly offer mediocre
qualities in all subgame-perfect Nash equilibria (SPNE). Spiegler [25] considers
another price-competition game where the customer uses anecdotal reasoning
in estimating the prices of all firms. Because of bounded rationality, increased
competition may not lead to more competitive pricing, which harms customers’

welfare.
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2.8. Cognitive Hierarchy

The concept of Nash equilibrium requires the common knowledge of ratio-
nality, i.e., each player makes rational choices, knows that other players make
rational choices, and knows that other players know that she makes rational
choices, etc. However, many experiments (e.g., [8, 9] 26} 27]) suggest that people
do not exhibit this common rationality. As an example, consider the well-known
Keynesian beauty contest game where players are asked to pick numbers from
0 to 100, and the player whose number is closest to 2/3 of the average wins a
prize. If there is a tie, the prize is divided equally among the winners. It can
be easily verified that there exists a unique NE where each player picks 0. In
contrast, experiments by Nagel [9] and Camerer et al. [27] show that the group
average is typically between 20 and 35. To quote Camerer et al. [27], “some
players are not able to reason their way to equilibrium value, or they assume
that others are unlikely so.”

To model decision-makings in these experiments, Stahl and Wilson [§] and
Nagel [9] propose the cognitive hierarchy model (also referred to as the level-
k model), where players are categorized into k levels based on their reasoning
sophistication. Level-0 players choose a random [§] or naive [9] strategy, e.g.,
picking 50 in the beauty contest game. Then level-k players choose the best
response assuming that all other players are level-0, level-1, ..., level-(k — 1)
players. In the commonly-used Poisson cognitive hierarchy model, the frequency
of the level-k (k € {0,1,..,+00}) players f; follows a Poisson distribution:

—TTk

k!

€

fo=

T measures the average level of sophistication of the population: as 7 — +o0,
the prediction of the Poisson cognitive hierarchy model converges to a Nash
equilibrium. We refer interested readers to [27] for a formal definition and some
theoretical properties of the Poisson cognitive hierarchy model. The cognitive
hierarchy model has been widely applied in the economics and marketing liter-

ature to study private-value auctions [28], learning in networks [29], technology
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diffusion [30], market entry competition [31], market platform competition [32],

and moviegoer behaviors [33].

2.4. Hyperbolic Discounting

It has been well-documented (see e.g., [34, B35l 36] 37, [38]) that delaying a
consumption to a future time discounts its net present value for the customer.
To model this time preference, Paul Samuelson [39] proposes exponential dis-
counting, in which the discount function (i.e., the weight on rewards received
at time t) is D(t) = e~"t. Exponential discounting captures the time-preference
of a rational decision-maker, because the discount function implies that cus-
tomer’s inter-temporal preferences are dynamically consistent, i.e., the rate of
discounting is independent of the time of consumption. To see this with math-
ematical precision, consider a consumption that leads to immediate utility w. If
the customer defers her consumption from time ¢ to t + At, then the utility is
discounted by e~ "(t+A8 /e=rt — ¢=7At which does not depend on t.

However, experiments have revealed that exponential discounting does not
match human decision-makers’ actual time preference whose rate of discounting
is declining in time [40] (41 42} [43| (44, 45]. For example, Richard Thaler [40]
find that in a particular experiment setting, the subjects exhibit an average
discount rate of 345 percent over a one-month horizon, 120 percent over a one-
year horizon, and 19 percent over a ten-year horizon. We refer interested readers
to Frederick et al. [46] for an extensive review of the empirical studies.

To capture the declining rate of discount observed in experiments, researchers
have proposed the following types of discount function: D(t) = 1/t by Ainslie
[47), D(t) = 1/(1 + at) by Herrnstein [48] and Mazur [49], and D(t) = 1/(1 +
at)™/* by Loewenstein and Prelec [50]. Discounting using the above functions
are referred to as hyperbolic discounting because all the discount functions are
in the generalized hyperbolic form. In addition, Laibson [51] proposes the quasi-
hyperbolic discounting to introduce hyperbolic discounting in the discreet-time
setting while maintaining the analytical tractability similar to exponential dis-

counting. In this framework, rewards in the current time period are undis-

10
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counted, and rewards occurring ¢ periods in the future are discounted by B6¢,
where 5,6 € (0,1). Hyperbolic and quasi-hyperbolic discounting have been
applied in economics models to study the consumption-savings decisions [51],

addiction [52], and health club memberships [53].

2.5. Reference Dependence and Loss Aversion

The classic economics theory assumes that decision-makers maximize the
expected utility. However, there is significant empirical evidence (see, e.g., [54]
5o, [56]) which suggests that people perceive outcomes not in terms of their
absolute utilities, but as gains and losses relative to a reference point, i.e., their
preferences exhibit reference dependence. Moreover, they exhibit loss aversion
in the sense of being more sensitive to a utility loss than a utility gain of the
same amount [54]. Heidhues and Koszegi [57, 68, [59] and Koszegi and Rabin [60]
incorporate customers’ reference dependence in economics models by modifying

their utility function into
u(cr) = m(c) + n(dr), (4)

where ¢ denotes the consumption bundle and r the reference point. Equation
shows that the loss-averse decision-maker’s utility consists of two parts: the
“outcome-based utility” m(c) classically studied in economics, and the “gain-loss
utility” n(c|r) that captures the utility gains and losses relative to the reference
point.

As a concrete example of Equation , consider the classic newsvendor prob-
lem with production cost ¢, selling price p, and salvage value s. In addition,
assume that the newsvendor uses the demand realization d as the reference point
and incurs a psychological cost §, per leftover inventory and 4, per unfulfilled
order. §, > d, by loss aversion. According to Equation 7 the newsvendor’s

utility by ordering x is
pmin{z,d} + s(z —d)t —cx — 6,(x —d)" — 6, (d — x) 7,
where (¢)* = max{t,0}. Note that pmin{z,d} + s(z —d)™ — cz is the outcome-

based utility and —6,(z — d)™ — §,(d — 2)T is the gain-loss utility.

11
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Loss aversion has been extensively applied in the economics and marketing
literature to study the endowment effect [56], downward-sloping labor supply
[61], the disposition effect [62] [63] [64], the equity premium puzzle [65], asym-

metric price elasticities [66] [67], and insensitivity to bad income news [68] [69].

3. Bounded Rationality in Operations Management

Classic OM models usually impose strong assumptions on customers’ decision-
makings. For example, the traditional SOM literature assumes that customers
can perfectly evaluate the benefits and costs of joining a queue. However, they
usually lack this full rationality in practice because of scarce information and
their inability to accurately estimate expected waiting time. Moreover, the RM
literature typically assumes that customers aim to maximize their long-run util-
ity from visiting a firm periodically, whereas they may actually make purchase
decisions anchoring on a reference price.

In this section, we review the literature that incorporates customer bounded
rationality in OM settings. We will focus on SOM and RM, and include only a
few papers in the supply chain management (SCM) literature. This is due to
two considerations. First, the existing SCM literature concerns mainly about
bounded rationality born by a firm (e.g., a newsvendor) instead of customers.
Second, [70] has already provided an excellent review on bounded rationality in
SCM. Moreover, we will organize the literature by the type of customer bounded
rationality in the same order as Section [2] To highlight the contributions and
limitations of incorporating customer bounded rationality in each OM setting,

we have also summarized the literature in Table [Il

12
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8.1. Logit Choice Model

The classic SOM literature assumes that customers are able to form rational
expectations about all queueing system parameters when making their join-or-
balk decisions (see [89] for an extensive review). In practice, however, it may
be difficult to accurately calculate the expected waiting time for ordinary cus-
tomers in daily decision-makings. As a result, customers cannot guarantee that
the best choice is always chosen, and they may make mistakes. To incorporate
this decision error, Huang et al. [7I] incorporate the logit choice model into a
queueing setting and study its implications for revenue- and welfare-maximizing
service systems. Specifically, they assume that customers’ joining payoff calcu-
lation is perturbed by a random error term, which follows a logistic distribution.
As a result, their joining probability is given by Equation , where v is the
actual joining payoff.

Huang et al. characterize customers’ equilibrium (in the sense of QRE)
joining behavior in the visible and invisible queueing settings, and then study
a service provider’s pricing decisions under revenue and welfare maximizations.
They find that bounded rationality leads customers to join a queue more than
they should (i.e., the equilibrium joining payoff is negative) when the price is
high or the service quality is low, and less than they should otherwise. In an
invisible queue, bounded rationality increases the service provider’s expected
revenue when customers are sufficiently boundedly rational, and it decreases
the revenue when they are sufficiently rational. Moreover, bounded rationality
always leads to welfare loss in a visible queue, whereas it leads to welfare loss
in an invisible queue if and only if the service quality is high and customers are
sufficiently boundedly rational.

Li et al. [72] extend Huang et al. by studying two competing servers’
pricing and service rate decisions when providing customer-intensive services
(i-e., services with the quality decreasing in the service rate). In the service-rate
competition setting (i.e., the prices are exogenous), the servers benefit from cus-
tomer bounded rationality under high arrival rate and intermediate customer

intensity level. Otherwise, bounded rationality leads to revenue loss. Consider-

14
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ing the servers’ pricing decisions, Li et al. find that when the service is suffi-
ciently customer-intensive, customer bounded rationality increases (decreases)
the servers’ expected revenue under high (low) arrival rate.

Apart from SOM, the logit choice model has also been applied by Su [70] in
SCM to study the implications of a newsvendor’s bounded rationality. Specif-
ically, Su considers a newsvendor who may order any quantity between the
smallest and the largest possible demand realizations. Moreover, the probabil-
ity density of each ordering quantity f(x) depends on the corresponding payoff
u(z), as given by Equation (3). Assuming that the demand is uniformly dis-
tributed, Su shows that the expected ordering quantity is higher (lower) than
the critical fractile solution when the solution is lower (higher) than the average
demand. In other words, a newsvendor’s bounded rationality in the form of
logit choices can induce the pull-to-center effect. We provide our explanation
as follows. When the critical fractile solution is high, the logit choice newsven-
dor is more prone to under-ordering than over-ordering because there are more
reasonable ordering quantities (which leads to non-negative profits) below the
optimal one than those above it. Since the newsvendor chooses all these order-
ing quantities with positive probability, the average ordering quantity is lower
than the optimal one. Then Su applies the logit choice newsvendor model to
show that bounded rationality alone can support the bullwhip effect: upstream
decision-makers order with greater variability to correct for the mistakes that

the newsvendor may make.

8.2. Anecdotal Reasoning

Although the logit choice model allows for customer bounded rationality in
terms of their computational limitations, it still imposes a strong assumption on
their understanding of the system. For example, Huang et al. [71] and Li et al.
[72] assume that customers know all service system parameters, e.g., the arrival
process, the service rate, and the service quality. In practice, however, they
may lack such knowledge and rely on earlier customers’ service experiences (i.e.,

anecdotes) to estimate the parameters [90]. Due to the intrinsic uncertainties
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underlying customers’ arrival process and the firm’s service provision, these
anecdotes may not accurately represent the situation customers will face, i.e.,
they are boundedly rational.

Huang and Chen [73] incorporate customer anecdotal reasoning in estimating
the expected waiting time of a service system. Instead of forming an accurate
estimate based on the knowledge of the arrival process and the service rate,
customers rely on the waiting time anecdotes from earlier customers to infer
their own waiting time. Huang and Chen characterize customers’ equilibrium
joining behavior and the service provider’s pricing decision under revenue and
welfare maximizations. They find that a revenue-maximizing service provider
may raise price as the arrival rate increases. If the service provider can adjust
capacity, her optimal price may decrease in the arrival rate. Both results go
against the pricing recommendations in the fully rational benchmark.

In another paper, Ren et al. [74] investigate the managerial implications of
customer anecdotal reasoning in estimating service quality. Specifically, they
consider an M/M/1 queue in which the service quality is intrinsically uncertain
and customers do not know its distribution. To estimate the service quality, a
customer acquires several anecdotes from earlier customers, and then takes the
sample average as the service quality she will receive. Ren et al. show that
anecdotal reasoning generates customer bounded rationality by heterogenizing
ex ante homogenous customers, i.e., they overestimate/underestimate service
quality if the samples happen to be good/bad. They Ren et al. examine the
impact of customer anecdotal reasoning on a service provider’s pricing, service
quality, and quality information disclosure decisions. They find that a low-
quality service provider prices higher than the fully rational benchmark, whereas
a high-quality provider prices lower. When the service provider also has control
over quality, a larger size of anecdotes may lead her to reduce quality instead
of improving it. Moreover, a high-quality service provider may not disclose
information if the sample size is small, whereas a low-quality service provider
may disclose if the sample size is large.

Customer anecdotal reasoning may also play an important role in RM, in
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which their purchase decisions rely on the anticipation of uncertainties about
product quality, price, and availability. A fully rational anticipation is usually
challenging for customers due to scarce information. Therefore, they may resort
to anecdotal reasoning as a simplified heuristic. For example, in deciding to buy
a product now or later, a customer needs to form an expectation about the prod-
uct availability in the future. The traditional literature on customers’ strategic
behavior (see [91] for an extensive review) assumes that they can form ratio-
nal expectations. This assumption can be justified in settings where customers
have frequent and repeated interactions with a firm (e.g., grocery and apparel
stores). In the setting of buying durable products, however, customers usually
have scarce opportunities to learn a firm’s stockout probability. Therefore, they
may estimate it based on anecdotes.

Huang and Liu [8I] incorporate this anecdotal reasoning into customers’
decision-makings and study its impact on a firm’s strategic rationing decision.
In line with the traditional dynamic pricing literature, Huang and Liu consider a
monopolistic firm selling a single type of product across two periods at exogenous
prices, with the period-1 price higher than the period-2 price. Customers are
heterogeneous in their product valuations and a portion of them arrive at the
firm in period 1, who decide to buy or wait for period 2. The other customers
arrive in period 2 and decide to buy or not. The customers do not know the
probability of stockout in period 2 and they assume that it is equal to the number
of stockout instances among all anecdotes divided by the number of anecdotes.
However, whether a customer will face stockout or not is a new and independent
draw from the actual stockout probability. The firm sets the capacity before
period 1 and Huang and Liu consider two settings: (i) capacity commitment,
where the firm commits to the capacity level; (ii) dynamic capacity management,
where the firm can adjust her capacity level in each period. Huang and Liu find
that within the simplest form of anecdotal reasoning (i.e., each customer obtains
only one anecdote), strategic capacity rationing is sub-optimal for both settings.
This is because anecdotal reasoning leads customer to hold different estimates

of the stockout probability, which weakens the advantage of capacity rationing
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in optimally influencing customers’ strategic purchase behavior.

Huang and Liu focus on customer anecdotal reasoning in estimating the
future product availability. In practice, customers may also use anecdotes to
estimate the probability of future sales. Huang et al. [83] investigate the im-
pact of anecdotal reasoning on a firm’s posterior price-matching strategy, i.e.,
reimbursing the price difference to a customer who purchases a product before
the firm marks it down. Specifically, they assume that customers estimate the
probability of future sales based on earlier customers’ experiences of the regular
and sales prices. They find that a firm should adopt posterior price-matching in
cases where she should not in the absence of customer anecdotal reasoning. This
is because posterior price-matching and markdown with a positive probability
create price obfuscation and can fool some customers into paying a higher price
upfront because they falsely expect to be compensated later.

Another setting where customers are prone to anecdotal reasoning is opaque
selling, a selling strategy in which a firm mixes different types of a product to
sell as an opaque product. The traditional literature on opaque selling (see,
e.g., [92 093, 04, ©5] 96, 97, 08, 99, [T00]) assumes that customers anticipate the
product mix (the probability of ending up with each type of product) with full
rationality. This may not hold in practice. For example, “decoder” websites
(e.g., BiddingFor-Travel.yuku.com, BetterBidding.com, BidOnTravel.com) use
feedback/experiences from previous purchasers to help customers learn more
about the sellers’ product offering strategies under opaque selling.

Huang and Yu [84] examine the impact of customer anecdotal reasoning
on a firm’s opaque selling strategy. To this end, they consider a monopolist

143

firm selling a product of two different “versions” (i.e., with different values)
to generations of homogeneous customers with a deterministic size. Before the
arrival of the first generation, the firm chooses among: (i) selling the two versions
separately (i.e., as transparent products); (ii) mixing the two versions and selling
them as an opaque product; (iii) selling both transparent and opaque products

at the same time. Customers observe the price(s) but not the product mix, and

they anticipate to receive the same product as the product from an anecdote.
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However, her own product offered by the firm is an independent realization from
the firm’s actual product offering strategy. This model eliminates all possible
conditions that can support opaque selling in the fully rational benchmark.
However, Huang and Yu show that anecdotal reasoning alone can make opaque
selling optimal. The key insight is that anecdotal reasoning leads customers to
hold different estimates about the value of the opaque product: some customers
overestimate the probability to receive the high-value product and thus are
willing to pay a high price, whereas the others underestimate the probability and
are willing to pay a low price. By optimizing over the product offering, the firm
may be able to take advantage of the overestimating customers without turning
away too many underestimating customers. This allows her to obtain more
profits than selling only transparent products. Considering market competition,
Huang and Yu find that opaque selling may soften price competition and increase
the industry profits even in the absence of customers’ valuation heterogeneity.
We would like to note that Huang and Yu adopt a parsimonious model to
show that opaque selling can be supported by anecdotal reasoning alone. In fact,
opaque selling has been adopted in more complex settings and thus customers
may demonstrate other types of bounded rationality. For example, opaque sell-
ing has been applied as a clearance strategy to strategic customers (see [I01] for
examples), and the existing literature has compared the performance of opaque
selling and last-minute selling (selling transparent products instead of opaque
products at a discount in the sales season) in horizontally-differentiated [101]
and vertically-differentiated [I00] markets. They find that opaque selling may
outperform last-minute selling by increasing the regular price: customers are
willing to pay more in the regular selling season because they are not guaran-
teed to receive the preferred type of product if they buy the opaque product in
the sales season. According to the discussions of Su [80] and Zhao and Stecke
[85] (to be reviewed in Section [3.5), customers in this setting are prone to loss
aversion and inertia. Therefore, future research may investigate the impact of
these types of bounded rationality on a firm’s product mixing strategy in opaque

selling and its profitability compared to last-minute selling. This investigation
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becomes particularly relevant as one considers the complex impact of loss aver-
sion and inertia on customers’ purchase decisions. For example, loss aversion
may decrease the appeal of opaque selling because customers incur a profit loss
if they do not receive the preferred type of product. Knowing this, they are
willing to pay a higher price in the regular selling season, so opaque selling can
become more attractive.

In our view, the anecdotal reasoning framework can be applied to more OM
settings to derive new insights for academics and practitioners. For example,
customer anecdotal reasoning on product availability may impact a retailer’s dy-
namic pricing and inventory decisions, as well as the supply chain contracts. In
essence, anecdotal reasoning is a heuristic for customers to estimate uncertain-
ties to which they have scarce previous exposures. This trait makes anecdotal
reasoning a strong modeling tool in many OM settings. First, uncertainties
about product availability, service delivery, and demand usually play a key
role in OM. Second, customers are typically much less informed about these
uncertainties than firms. Third, the development of information technology al-
lows customers to acquire word-of-mouth information about these uncertainties.
Meanwhile, it provides firms the opportunity to manage word-of-mouth by, e.g.,
inviting for expert reviews and rewarding customers to post reviews. Therefore,
incorporating customer anecdotal reasoning in OM can offer a fertile avenue for

future research with strong managerial relevance.

8.8. Cognitive Hierarchy

Whereas the previous modeling tools capture a decision-maker’s limitation
in understanding her benefits and costs from each option, cognitive hierarchy
models one’s reasoning limitation in anticipating the other decision-makers’
strategic responses. This feature may have important implications for many
OM settings. In SOM, for example, some customers may not anticipate other
customers’ join-or-balk decisions fully rationally, especially in invisible queues
in which customers may have no interaction with each other when making deci-

sions. Similarly, in RM a customer may not be able to rationally infer whether
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the other customers decide to buy now or wait for future sales.

Despite its importance, cognitive hierarchy has not been incorporated into
OM settings, with the only exception of Cui and Zhang [86]. They consider a
supply chain consisting of a single supplier and many retailers, each of whom
faces a deterministic demand that aggregately exceeds the supplier’s capacity.
The supplier adopts proportional allocation, and the retailers order at the max-
imum allowed amount if they can infer each other’s decision rationally. To
capture their bounded rationality, Cui and Zhang assume that retailers exhibit
Poisson cognitive hierarchy (see Section . Cui and Zhang find that the
retailers’ ordering decisions differ significantly from the fully rational bench-
mark. In particular, unsophisticated retailers order less than the maximum
allowed amount, and they order even less as the number of retailers increases
or the supplier’s production capacity expands. In addition, the retailers’ profits
exhibit an inverted U-shaped relationship to their level of sophistication, i.e.,
benefit with some levels of sophistication but become worse off with too much.
Then Cui and Zhang structurally estimate the model parameters and calibrate
the level of sophistication using data from an experiment, and they show that

the estimated model fits the data reasonably well.

8.4. Hyperbolic Discounting

The concept of hyperbolic discounting, as introduced in Section [2.4] provides
a tractable method to model customers’ procrastination behavior. Specifically,
since their discount rate is decreasing over time, customers may delay a purchase
to the future, although it is optimal to buy now. In this section, we will review
several papers that incorporate this procrastination behavior into SOM and
RM.

In many service systems (e.g., flu shot clinic, exercise facility, barber shop,
and car wash), a customer needs to undergo an unpleasant service that would
generate future benefits (e.g., exercise facility, flu shot clinic, and car wash).
The psychology and economics literature (e.g., [102] 46, 103]) has shown that

people lack the self-control to undertake such services as frequently as they
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should. To exploit customers’ procrastination, many service systems charge
customers a subscription fee instead or in addition to the fee per use (the usage
fee, hereafter). However, the traditional queueing economics literature shows
that the usage fee alone can achieve revenue maximization (p. 45-51 of [89]).

To capture customers’ lack of self-control and explain the application of
subscription fee, Plambeck and Wang [75] incorporate the quasi-hyperbolic dis-
counting in customers’ preferences. They characterize customers’ decisions of
subscribing for service and if they subscribe, whether to join or balk the service
system when the need for service occurs. In addition, the customers may be
naive in the sense of overestimating her self-control when deciding to subscribe
or not, or sophisticated in the sense of estimating her self-control correctly.
Plambeck and Wang find that the lack of self-control lowers the revenue- and
welfare-maximizing usage fees. Charging for subscription, in addition to or in-
stead of per use, increases revenue, especially when subscribers are naive. If
the service provider chooses between charging for subscription only or usage
fee only, then subscription is optimal for revenue maximization, whereas usage-
based pricing is optimal for welfare maximization.

In another paper, Su [80] studies the implications of customers’ procrastina-
tion in RM. To this end, he revises the strategic customers’ decision framework
by assuming that they buy a product now instead of waiting for future sales
if the expected utility of buying exceeds the expected utility of waiting by a
positive constant. This constant represents the incremental utility premium
necessary to trigger a purchase and thus captures the depth of customer inertia.
This purchase inertia may arise from different types of bounded rationality (i.e.,
hyperbolic discounting, loss aversion, and probability weighting), and we refer
interested readers to Section 5 of [80] for a detailed discussion.

Using this customer inertia framework, Su investigates a monopolistic firm’s
dynamic pricing decision on a single type of product considering demand uncer-
tainty, customers’ valuation uncertainty, and fixed capacity. A portion of the
customers arrive at the market in period 1 while the rest arrive in period 2.

Moreover, period-1 customers consist of both rational and inertial customers,
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and the portion of inertial customers represents the breadth of inertia. The
seller sets the period-1 price without observing the realized demand and cus-
tomers make the purchase decision without knowing their product valuations. In
period 2, however, the seller sets the price and customers make the purchase de-
cision after both uncertainties are resolved. Su characterizes the optimal pricing
strategies across the two periods and finds that the seller’s profit is hurt by the
depth of inertia because it leads the firm to price lower to stimulate purchases.
In contrast, the breadth of inertia may benefit the seller: a larger portion of
inertial customers suggests a higher demand in period 2, which in turn makes
stockout more likely to happen and thus rational customers are more willing to

buy in period 1.

8.5. Reference Dependence and Loss Aversion

It has been well-documented (see [104] [105] for surveys) that individual pref-
erences are reference dependent. In the dynamic pricing setting, this reference
dependence can be particularly significant: “as customers revisit the firm, they
develop price expectations, or reference prices, which become the benchmark
against which current prices are compared.” [76] To investigate a monopolis-
tic firm’s dynamic pricing strategy when facing reference-dependent customers,
Popescu and Wu [76] consider a firm’s infinite-horizon pricing problem facing a
general nonlinear demandﬂ which depends on a reference price determined by
the historical prices. In this setting, loss aversion suggests that customers are
more responsive to surcharges than discounts, while loss seeking suggests the
opposite. Popescu and Wu characterize the optimal pricing strategy and find
that the optimal policy cycles if customers are loss seeking, and there is a range
of steady states if customers are loss averse. Moreover, the price trajectory in
the loss aversion setting is either increasing or decreasing, and using the opti-

mal fixed price is near-optimal. Nasiry and Popescu [77] extend the model by

!Kopalle et al. [I06] and Fibich et al. [I07] show monotonicity and convergence of the

optimal price paths under a piecewise linear demand model.
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considering peak-end anchoring, i.e., the reference price is a weighted average
of the lowest and most recent prices.

Subsequent research applies the model of [76] to inventory management.
Chen et al. [78] consider a periodic-review stochastic inventory model where
a firm makes the pricing and inventory decisions to customers who exhibit
the reference price effect. They characterize the optimal inventory policy as
a reference-price-dependent, base-stock policy and show that as customers be-
come more reference dependent, the optimal price decreases whereas the optimal
base-stock level may increase or decrease depending on whether there is a per-
ceived loss or perceived gain.

Baron et al. [79] extend Chen et al. by incorporating customers’ reference
dependence on both price and fill rate. Specifically, they consider a newsven-
dor who sells a perishable asset over repeated periods to loss-averse customers
with stochastic reference points that represent their beliefs about the price and
product availability. In each period, given the distribution of the reference
points, customers choose the purchase plan to maximize the total utility (i.e.,
the outcome-based utility and the gain-loss utility) before visiting the store,
and then commit to the plan after learning the realized price and availability in
the store. Fully aware of customers’ purchase plan, the newsvendor maximizes
her expected long-run average profit by choosing the ordering quantity before
observing the demand and the contingent price (i.e., a full price or a sale price)
based on the demand realization. In equilibrium, the customers’ reference points
distribution is consistent with the newsvendor’s pricing and ordering decisions.

Based on this newsvendor model, Baron et al. characterize customers’ pur-
chase decision and the newsvendor’s optimal inventory and contingent pricing
policies. They find that the customers’ loss aversion leads to two countervail-
ing effects of running sales: (i) the comparison effect: higher sales frequency
increases the weight of sale prices in the loss-averse customers’ reference dis-
tribution, making customers used to the sale price and less likely to purchase
at the full price; (ii) the attachment effect: higher sales frequency increases

customers’ psychological attachment to the habit of purchasing and thus makes

24



580

585

590

595

600

605

610

them more willing to pay the full price to avoid the pain of not obtaining the
product when there are no sales. Because of these effects, customers may be
willing to pay a full price higher than their valuation and the firm offers sales less
frequently than the fully rational benchmark. In addition, loss aversion affects
the newsvendor’s optimal operational policies that are in stark contrast to those
obtained in classic newsvendor models, e.g., the optimal full price increases in
the initial ordering quantity and decreases in the procurement cost; the opti-
mal sales frequency increases in the procurement cost; demand variability may
benefit the newsvendor.

All the papers above assume that customers cannot delay their purchases
to a later time. In practice, they may do so based on strategic considerations
(e.g., waiting for sales). Therefore, it would be interesting for future research
to examine how loss aversion influences strategic customers’ purchase decisions
and a firm’s pricing and inventory decisions.

Apart from dynamic pricing, customers’ loss aversion may also play an im-
portant role in other OM settings where a salient reference point exists. For
example, in deciding to adopt capacity rationing or not, a firm may take into
account the customers’ aversion to stockout. Liu and Shum [82] analyze the
impact of this loss aversion on a firm’s capacity rationing and pricing decisions.
They find that when strategic customers are averse to disappointment, a firm
may be able to increase profits with an appropriate level of rationing. Moreover,
customers’ loss aversion may also impact a firm’s advance selling strategy, i.e.,
offering pre-orders at a discount. The RM literature has shown that advance
selling benefits the firm by allowing her to learn demand information and get
business from customers who would otherwise not buy because their valuations,
which are realized after the product release, are too low (see [108] for a literature
review). Zhao and Stecke [85] extend this literature by assuming that part of
the customers are loss averse: after placing a pre-order, they incur a payoff loss
when the product valuation turns out to be lower than the price. Therefore,
loss aversion reduces the appeal of advance selling. Zhao and Stecke character-

ize the firm’s optimal selling strategy and show that as customers become more
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loss-averse, the firm offers advance selling for a narrower range of parameter
values.

In our view, the advance selling setting is particularly relevant in studying
the role of customer bounded rationality and future research may focus on the
revenue implications of other types of bounded rationality. For example, cus-
tomers may exhibit the inertia behavior, which may have a great impact on
customer behavior and the firm’s decisions, as illustrated by Su [80]. Moreover,
since advance selling is widely applied on new products which customers have
scarce interaction with (see [85] for examples), they may lack the full rational-
ity to calculate the average product valuation. Researchers can capture this

bounded rationality by invoking the logit choice model.

3.6. Trust and Trustworthiness

Within the regime of subgame perfection, an agent does not update her
belief about an uncertainty based on another agent’s cheap talk, i.e., a type of
communication that is costless, nonbinding, and non-verifiable [87]. In practice,
however, human decision-makers may trust the cheap talk and provide truthful
information to the others. This combination of trust and trustworthiness has
been shown to be prevalent in many economics activities [109] [110] 11T, 112],
whereas a unified economics model is still absent. This is probably because trust
and trustworthiness can have different manifestations depending on the specific
setting.

Despite the lack of a unified model, researchers have incorporated trust and
trustworthiness in SCM using setting-specific models. In particular, Ozer et al.
[87] consider the role of trust and trustworthiness in a manufacturer’s decision of
sharing demand forecast to a supplier. To incorporate trust and trustworthiness,
Ozer et al. [87] assume that: (i) the supplier follows a non-Bayesian updating
rule where her belief of demand strictly increases in the shared demand forecast
information (i.e., she trusts the retailer); (ii) the manufacturer suffers from
disutility in proportional to the magnitude of misreporting the demand forecast

(i.e., she is trustworthy). Ozer et al. find that this trust-embedded model
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supports cooperation in information sharing between the manufacturer and the
supplier. This is consistent with their experimental studies yet is missing from
the traditional literature that does not consider trust and trustworthiness. In
a similar vein, Ozer et al. [88] show that trust and trustworthiness can also
support a supplier’s information sharing to a retailer about the retailer service
level, e.g., shelf space allocation, shelf design, and product promotion.
Although the existing literature focuses on information sharing within sup-
ply chains, we believe that trust and trustworthiness can have a much broader
impact on other market participants. The customers, for example, are usually
less informed about the market than the firms. This makes trust and trustwor-
thiness an interesting research topic in many OM settings. In diagnosis-service
systems, it may be difficult for ordinary customers to evaluate the truthfulness
of a diagnosis outcome reported by the service provider (e.g., a car maintenance
company or a dentist). If they trust the diagnosis to some extent, how should
the service provider price the diagnosis and the repair service? Another inter-
esting OM setting is a firm’s dynamic pricing strategy considering customers’
strategic behavior. Apart from the firm’s own report, the customers may have
scarce information about the future availability of the product. If they trust
the firm’s report to some extent, how should the firm adjust her capacity and

pricing strategies in response?

4. Conclusions and Future Research Directions

As shown in the previous section, the contributions of modeling decision-
makers’ bounded rationality in OM are both positive and normative. It offers
testable explanations for human decision-makers’ behavioral anomalies in OM
settings (e.g., the pull-to-center effect and the bullwhip effect [70]), and also pro-
vides behavioral groundings and policy recommendations for firms’ operations
and marketing strategies (e.g., opaque selling [84] and advance selling [85]).

Since the OM literature on bounded rationality is still at its nascence, many

interesting and important topics have not yet been fully explored. Perhaps the
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most notable one is the lack of empirical studies to test established theories,
especially in SOM and RM. Future empirical studies may test these models by:
(i) quantifying the level of customer bounded rationality (e.g., the variance of
the error term in the logit choice model and the size of anecdotes in the anecdotal
reasoning framework) in the corresponding OM setting; (ii) investigating how
this level differs across customers and is influenced by specific OM settings.
Several interesting conjectures include: are customers more boundedly rational
when the OM setting is more complicated (e.g., more uncertainty in the demand
distribution, an invisible queue instead of a visible queue)? Are customers
more boundedly rational when the payoff loss due to a bad purchase is higher
(e.g., higher unit waiting cost, high product/service quality)? How is customer
bounded rationality influenced by demographic and sociological factors such as
age, previous contact with the firm, and education background?

Apart from empirical studies, researchers may also construct new models
to investigate OM problems which are vulnerable to bounded rationality and
have not yet been examined analytically. For example, how does a firm set the
product return policy and price-matching guarantee when customer exhibit loss
aversion or hyperbolic discounting? How does customer anecdotal reasoning
influence a firm’s call center outsourcing decision and the outsourcing call cen-
ter’s pricing and quality control decisions? Besides, we would like to stress that
the existing modeling literature is not an exhaustive application of bounded
rationality in OM, and future research may derive new insights even within the
established settings. We have articulated several specific extensions after the
corresponding reviewed papers in Section [3] and below we provide the general
research directions.

The existing SCM literature focuses on bounded rationality from supply
chain participants. In practice, however, customers may exhibit bounded ratio-
nality to a larger extent. This is because customers are usually less informed
about the market, they interact with the market less often, and they are not
aided by dedicated decision-making systems. Based on these considerations,

we believe that incorporating customer bounded rationality can provide new

28



705

710

715

720

725

insights to SCM.

In SOM and RM, researchers have focused exclusively on the settings in
which all customers exhibit the same level of bounded rationality. This may
not hold in practice. For example, some customers may visit a restaurant as
long as the food quality is high (i.e., they totally ignore the waiting cost and
thus are fully boundedly rational), some may anticipate a line consisting of fully
boundedly rational customers, while some others may check websites and mobile
apps to learn the waiting cost in real time. This heterogeneity is particularly
salient in many OM settings (e.g., invisible queues and dynamic pricing and
inventory decisions), in which customers usually make decisions without any di-
rect contact with other customers. Therefore, it would be interesting to expand
the application of cognitive hierarchy in SOM and RM and derive new insights
from customer heterogeneity in their levels of rationality. Moreover, we believe
that anecdotal reasoning also has great future research opportunities in many

SOM and RM settings (see Section for a detailed discussion).
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