Received: 21 June 2022

Revised: 7 October 2022

W) Check for updates

Accepted: 7 October 2022

DOI: 10.1002/arcp.1082

REVIEW

SOCIETY FOR
CONSUMER
PSYCHOLOGY

Relevance insensitivity: A framework of psychological biases in
consumer behavior and beyond

Yang Yang! | XilinLi%? |

1Warrington College of Business, University of
Florida, Gainesville, Florida, USA

2China Europe International Business School,
Shanghai, China

3Booth School of Business, University of
Chicago, Chicago, lllinois, USA

Correspondence

Yang Yang, Warrington College of Business,
University of Florida, Gainesville, Florida, USA.
Email: yang.yang@warrington.ufl.edu

Christopher K. Hsee®

Abstract

In judgment and choice, consumers show a variety of biases, from the sunk cost fal-
lacy and projection bias to usage frequency neglect and erroneous price-quality
inferences. This article explains these seemingly disparate biases and predicts new
biases using an overarching framework based on the relevance insensitivity theory
proposed by Hsee et al. (2019). According to the theory, many biases arise because
people are insufficiently sensitive to the relevance (i.e., weight) of a cue variable to
the target variable (the dependent variable). The direction of the bias depends on the
normative relevance of the cue—people over-rely on the cue when it is normatively
irrelevant and under-rely on the cue when it is normatively highly relevant. We show
that ostensibly unique and universal biases are neither unique nor universal: All are

manifestations of relevance insensitivity, and each bias attenuates or reverses as the
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1 | INTRODUCTION
Many important and fascinating phenomena in consumer behavior are
biases in the sense that they are deviations from normative standards
or optimal solutions. For decades, research has documented both gen-
eral biases such as the sunk cost fallacy (Arkes & Ayton, 1999), non-
regressive prediction (Kahneman & Tversky, 1973), anchoring effect
(Epley & Gilovich, 2006; Tversky & Kahneman, 1974), and base rate
neglect (Kahneman & Tversky, 1973) and biases that are specific to
consumer behavior, such as the effort heuristic (Chinander &
Schweitzer, 2003), projection bias (Loewenstein et al., 2003), and
specification-seeking effect (Hsee et al., 2009). These biases often are
treated as disconnected from each other, each having its own
explanation(s).

According to the relevance insensitivity theory (Hsee et al., 2019),
many seemingly unrelated biases share the same underlying cause,
namely, that people are insufficiently sensitive to the relevance of a

cue variable to a target variable. In their original paper, Hsee et al. use

cue variable’s relevance changes.

biases, diagnosticity, insensitivity, integrative theory, noise, overgeneralization, relevance
insensitivity, reverse biases

the relevance insensitivity theory to elucidate four classic biases: the
sunk cost fallacy, non-regressive prediction, anchoring effect, and
base rate neglect. For each bias, they manipulate the relevance of the
cue variable, and they find that each original bias emerges near only
one end of the relevance spectrum. At the other end of the spectrum,
the original bias reverses.

In the present paper, we argue that the relevance insensitivity
theory can explain many psychological biases beyond the four classic
biases discussed in Hsee et al. (2019). We first review the relevance
insensitivity theory and then use it as an overarching framework to
explain many documented biases and to predict situations in which

reverse biases may occur.

2 | RELEVANCE INSENSITIVITY

All judgments are based on cues. According to the theory of relevance

insensitivity, which was first proposed by Hsee et al. (2019), many
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seemingly unrelated biases have a common cause: People are insensi-
tive to the relevance (i.e., weight) of a cue variable to the target vari-
able (the value to be judged). Notably, “relevance insensitivity” does
not mean that people treat the relevance (weight) of the cue as zero;
rather, it means that people are insufficiently sensitive to the norma-
tive (correct) relevance of the cue. As a result, we predict that the
direction of the bias depends on how the normative relevance of the
cue in the given situation compares to the cue’s relevance in the situa-
tions people usually encounter.

Specifically, relevance insensitivity theory posits that people learn
the relevance of a cue variable in situations they usually encounter.
Of course, a cue’s relevance varies situationally, but our theory argues
that people are insensitive to these variations. Instead, they overge-
neralize the cue’s relevance in usually encountered situations to all sit-
uations. When the relevance of the cue variable in a particular
situation is lower than in usually encountered situations, people will
behave as if the relevance were not so low, so they over-rely on the
cue variable when judging the target variable. Conversely, when the
relevance of the cue variable in a particular situation is higher than in
usually encountered situations, people will behave as if the relevance
were not so high, so they under-rely on the cue variable when judging
the target variable.

To illustrate, consider the relationship between the price (a cue vari-
able) and quality (a target variable) of wine. Suppose that the relationship
between the price and quality of wine differs from region to region. You
live in a region in which the relevance of price to quality is moderate
(so we will call your region the “moderate-relevance region), and you
are adept at predicting quality based on price in your region. Imagine
that you are now visiting a region where the relevance of price to quality
is low (the “low-relevance region”), such that the price of wine is not at
all predictive of wine quality. (The price depends solely on non-quality-
related factors such as advertising costs and tariffs.) How accurate
would you be at predicting the quality of wine in the low-relevance
region? Our theory predicts that you would over-rely on price when
judging quality in the low-relevance region, so you would overestimate
the difference in the quality of cheap wines and expensive wines.

According to our theory, you over-rely on price when judging
quality in the low-relevance region because you are insensitive to the
relevance of price to quality. You may know that the price of wine in
the low-relevance region does not depend on quality, and yet, con-
sciously or unconsciously, you apply the knowledge you learned in the
moderate-relevance region to the low-relevance region, believing that
if the price is high, the quality must also be high.

For the same reason, you may exhibit a reverse bias when you visit
a region where the relevance of price to quality is high (the “high-
relevance region”), such that the price of wine is highly predictive of
wine quality. Specifically, you may under-rely on price when judging
quality in the high-relevance region, leading to an underestimation of
the difference in the quality of cheap wines and expensive wines.

It is important to note that the above example assumes that peo-
ple usually encounter the cue variable when it is moderately relevant
(as was true of the relevance of a wine's price to its quality in the

moderate-relevance region). If people usually encounter the cue

variable when it is highly relevant or irrelevant, then the relevance
insensitivity theory predicts that people will exhibit a bias in only one
direction, not in the other. For instance, while you live in the
moderate-relevance region in the above example, other wine connois-
seurs live in the high-relevance region. Thus, they are accustomed to
a high relevance of price to quality, so they should exhibit an over-
reliance bias when Vvisiting both the moderate-relevance and low-
relevance regions—but they will never exhibit an under-reliance bias.
By the same logic, wine connoisseurs in the low-relevance region are
used to a low relevance of price to quality, so they should display an
under-reliance bias when visiting both the moderate-relevance and
high-relevance regions, but they will never exhibit an over-reliance
bias. In short, a bias may not always have a reverse bias.

Our prior work suggests that many cue variables have moderate
relevance in usually encountered situations. All four classic biases
investigated in Hsee et al. (2019)—the sunk cost fallacy, non-
regressive prediction, anchoring effect, and base rate neglect—have
reverse biases, indicating that the usually encountered relevance of
the cue variables is neither very high nor very low. Similarly, we sus-
pect that many other biases also have reverse biases on the other end
of the relevance spectrum. In this review, we use the relevance insen-
sitivity theory to explain many other biases and predict their potential
reverse biases. Future research is needed to investigate whether the
reverse biases indeed exist.

The notion of relevance insensitivity builds on several streams of
existing literature. First, relevance insensitivity is a manifestation of
situation insensitivity (Yang et al., 2021). Human behaviors are
adapted but not perfectly adaptive (Arkes & Ayton, 1999; Bar-Anan
et al., 2006; Hsee et al., 2013; Klayman & Brown, 1993). People learn
to respond appropriately to the situations they encounter often, but
people are not highly sensitive to variations in situations. When peo-
ple encounter a situation that differs from their usually encountered
situation, they may not be agile enough to adapt their response fully.
Instead, people continue to behave as if they were, more or less, in
their usually encountered situation. We call this tendency situation
insensitivity (Yang et al., 2021). People lack sensitivity to many situa-
tional factors. For instance, people are not sensitive to the amount of
personal control they have over an outcome, so they overestimate
their control in situations in which they have little control, and they
underestimate their control in situations in which they have plenty of
control (Gino et al., 2011; Langer, 1975). Our relevance insensitivity
theory focuses on one general type of situational factor: the relevance
of a cue variable to a target variable.

Second, relevance insensitivity is a type of overgeneralization—
the tendency to overgeneralize from one situation to another situa-
tion. Numerous authors have mentioned overgeneralization when
explaining their findings (Arkes & Ayton, 1999; Bolton & Alba, 2012;
Chinander & Schweitzer, 2003; Eidelman et al, 2010; Haws
et al, 2016; Hsee et al., 2015; Kahneman & Tversky, 1973; Park
et al, 2022; Raghunathan et al., 2006; Risen et al., 2007; Yang
et al.,, 2013; Yeung & Soman, 2007; Zhu et al., 2019). For example,
Tversky and Kahneman (1974) argue that judgment heuristics such as

the availability and representativeness heuristics are overgeneralized
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TABLE 1 Summary of known biases and proposed new biases

Cue variable

Anchor

Past cost

Past outcome

Base rate

Specifications

Effort

Price

Current preferences

Duration (of existence)

Category boundary crossing

Product name

Healthiness

One algorithm

Usage frequency

Option availability

Urgency

Reactions

Deadline length

Observing others’ performance

Target variable

Target number

Future cost

Future outcome

Target probability

Consumption utility

Quality

Quality or healthiness

Future preferences

Quality

Distance between two stimuli

Risk

Tastiness

Another algorithm

Consumption utility

Utility

Utility

Utility

Goal difficulty

Skill acquisition

Level of relevance

Low

High
Low
High

Low

High
Low
High
Low
High

Low

High

Low

High
Low
High
Low
High

Low

High
Low
High

Low

High
Low
High
Low

High

Low
High
Low
High
Low
High
Low
High
Low

High

CPR

Bias

Anchoring effect (Epley & Gilovich, 2006; Tversky &
Kahneman, 1974)

Reverse bias (Hsee et al., 2019)
Sunk cost fallacy (Arkes & Ayton, 1999)
Reverse bias (Hsee et al., 2019)

Non-regressive prediction (Kahneman &
Tversky, 1973)

Reverse bias (Hsee et al., 2019)

Reverse bias (Hsee et al., 2019)

Base rate neglect (Kahneman & Tversky, 1973)
Specification-seeking (Hsee et al., 2009)

To be tested

Effort heuristic, duration heuristic, input bias, labor
illusion, etc. (Buell & Norton, 2011; Chinander &
Schweitzer, 2003; Kim & Labroo, 2011; Kruger

et al., 2004; Yeung & Soman, 2007)

To be tested

The more expensive = the higher quality intuition
(Cronley et al., 2005; Kardes et al., 2004), the
healthy = expensive intuition (Haws et al., 2016)

Diversification bias (Read & Loewenstein, 1995)
Projection bias (Loewenstein et al., 2003)

To be tested

Longer is better heuristic (Eidelman et al., 2010)
To be tested

Irmak et al. (2011); Donnelly et al. (2022); Thomas and
Morwitz (2005)

To be tested
Yang et al. (2013)
To be tested

The unhealthy = tasty intuition (Raghunathan
et al., 2006)

To be tested
Zhang and Yang (2022); Longoni et al., (forthcoming)
To be tested
To be tested

Usage frequency neglect (Goodman & Irmak, 2013;
Mittelman et al., 2020)

Shin and Ariely (2004)

To be tested

Mere urgency effect (Zhu et al., 2018)

To be tested

Mere reaction effect (Hsee et al., 2016)

To be tested

Mere deadline effect (Zhu et al., 2019)

To be tested

lllusion of skill acquisition (Kardas & O'Brien, 2018)
To be tested

(Continues)
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TABLE 1 (Continued)

Cue variable Target variable Level of relevance Bias

Initial experience Subsequent experience Low Billeter et al. (2010)
High To be tested

One’s own feelings Others’ feelings Low Desensitization bias (Campbell et al., 2014)
High To be tested

rules of thumb. Likewise, Arkes and Ayton (1999) attribute the sunk
cost fallacy to an overgeneralized waste-not rule. However, overge-
neralization is a rather loose and vague concept. People may overge-
neralize myriad things including observations, responses, heuristics,
and the relevance of a cue variable. Relevance insensitivity is a spe-
cific form of overgeneralization in which the “thing” that people over-
generalize is the relevance (i.e.,, the weight) of a cue variable to a
target variable.

Third, relevance insensitivity is a type of regression in that people
behave as if the relevance of a cue variable is less extreme than it actu-
ally is (Fiedler & Unkelbach, 2014). The typical regression phenomenon
occurs when the response scale is bounded, and there is noise in the
response, such that the observed responses regress toward the middle
of the response scale. For example, when people are asked to estimate
an extreme probability, their responses tend to regress toward 50%.
The regression effect occurs because the probability scale is bounded
by 0% and 100%. If the actual probability (normative benchmark) is low,
perhaps 1%, then there is more room for people to err by overestimat-
ing the actual probability than by underestimating it; likewise, if the
actual probability is high (e.g., 99%), then there is more room for people
to underestimate it than to overestimate it. Various cognitive biases
have been explained by endpoint-induced regression (Costello &
Watts, 2014; Erev et al., 1994; Hilbert, 2012). The relevance insensitiv-
ity theory is both more general and more specific than endpoint-
induced regression. Our theory is more general because, as we explain
in the next section, relevance insensitivity can explain biases that occur
when the response scale has no specific endpoints. Our theory is more
specific because we argue that people’s responses regress not toward
the midpoint of a bounded scale but rather toward responses in usually

encountered situations.

3 | REVIEW, INTEGRATION, AND
PREDICTION

People base their judgments and decisions on a variety of cues:
anchors, past costs, numerical product specifications, price, the
amount of effort needed to make the products, and so on. These cues
often are somewhat relevant to the target variables, but their rele-
vance fluctuates greatly from situation to situation—a cue might be
highly relevant in some situations but completely irrelevant in other
situations. Our theory predicts that people are insensitive to cue rele-
vance: They over-rely on the cue when it is irrelevant and under-rely

on it when it is highly relevant.

In what follows, we review some well-documented biases in the
judgment and decision-making literature, explain how they fit our the-
ory, and predict when they may attenuate or even reverse (Table 1).
Despite their apparent disparateness, all biases reviewed below are
consistent with our theory that many judgments and decisions are
either influenced by irrelevant information (i.e., information that is
moderately relevant in most situations but is irrelevant in the present
situation) or are not sufficiently influenced by highly relevant informa-
tion (i.e., information that is moderately relevant in most situations
but is highly relevant in the present situation). In other words, all the
documented biases we review can be characterized as either an over-
reliance on information that is presently irrelevant or an under-
reliance on information that presently is highly relevant—so the biases
can be attributed to relevance insensitivity.

We wish to make two clarifications regarding the purpose of this
review. First, it is intended to be illustrative, not exhaustive. Second,
we do not aim to rule out or discredit other explanations for the
biases we review. We recognize that a bias can be explained at differ-
ent levels and by different accounts. Our review offers a level of anal-
ysis that is general enough to encompass many seemingly disparate
phenomena and specific enough to produce testable predictions.

3.1 | Anchors

One of the best-known psychological biases is the anchoring effect, in
which a person’s judgment of a target variable (typically a numerical
one) is influenced by an externally given or self-generated number,
the “anchor.” First discovered by Tversky and Kahneman (1974), the
anchoring effect has been studied extensively in many contexts
(Ariely et al., 2003; Jung et al., 2016; Simonson & Drolet, 2004;
Stewart, 2009). A typical finding is that people estimate or predict
higher numbers if they encounter a high (vs. low) anchor in the deci-
sion process, even when the anchor is clearly irrelevant to the actual
judgment, such as a number generated by a wheel of fortune
(Tversky & Kahneman, 1974) or the last two digits of one’s social
security number (Ariely et al., 2003).

Explanations for the anchoring effect include anchoring and
adjustment (Tversky & Kahneman, 1974), selective accessibility
(Strack & Mussweiler, 1997), scale distortion (Frederick &
Mochon, 2012), and noise (Lee & Morewedge, 2022), but relevance
insensitivity also can explain the anchoring effect. We argue that peo-
ple are insensitive to the relevance of the anchor (i.e., the cue variable)

to the numerical judgment (i.e., the target variable). Specifically, we
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predict that if an anchor has little to no relevance to the numerical
judgment, people will over-rely on the anchor, exhibiting the typical
anchoring effect. If an anchor is highly relevant to the target judg-
ment, however, then we predict that people may under-rely on the
anchor, exhibiting a reverse bias.

Hsee et al. (2019) empirically tested these hypotheses. In one
study, participants were told that 100 men and 100 women were
attending a dance party. The hostess of the party paired one man with
one woman either randomly or according to their height (i.e., the tal-
lest man with the tallest woman, the second tallest man with the sec-
ond tallest woman, and so on). Participants were asked to predict the
height of the man (i.e., the target variable) in a certain pairing based
on the height of his dance partner, who was either 4 ft 11 in. or 5 ft
11 in. (i.e., the anchor). The results align with the relevance insensitiv-
ity account: When the height of the woman was unrelated to the
height of the man (i.e., random pairing), participants over-relied on the
height of the woman when predicting the height of the man, replicat-
ing the typical anchoring effect. Conversely, when the height of the
woman was perfectly correlated with the height of the man
(i.e., pairing by height), participants under-relied on the height of the

woman, exhibiting the reverse bias.

3.2 | Pastcost

A sunk cost is a cost that was incurred in the past and cannot be
recovered (e.g., a nonrefundable ticket and money spent on a project).
Rationally speaking, people should ignore sunk costs when making
decisions, but many people fail to do so, falling prey to the sunk cost
fallacy (Arkes & Ayton, 1999; Thaler, 1999).

The sunk cost fallacy has been explained by loss aversion
(Kahneman & Tversky, 1984), self-justification (Staw, 1976), and—of
the most relevance to our theory—the misapplication of the norm
against waste (Arkes & Ayton, 1999). According to our theory, the
sunk cost fallacy occurs because many people learn that past costs
usually are moderately relevant to future costs, but people are insensi-
tive to situational variation in the relevance. On the one hand, when
the past cost is irrelevant to future costs (i.e., irrecoverable), people
fail to fully ignore the past cost when making decisions, so they
exhibit the typical sunk cost fallacy. On the other hand, when the past
cost is highly predictive of future costs (i.e., fully recoverable), people
fail to fully incorporate the past cost into their decisions, so they
exhibit a reverse bias.

Hsee et al. (2019) attempted to elicit the reverse bias with a sce-
nario in which participants had just signed a lease on an apartment and
then found a different apartment that they liked better. All participants
imagined that they had paid a $300 fee for the original apartment, and
the fee was either a nonrefundable one-time processing fee
(i.e., irrelevant to future costs) or a deposit that would be counted
toward their rent if they moved in as planned (i.e., highly relevant to
future costs). Participants needed to decide how much they would be
willing to pay for the new apartment. When the fee was nonrefundable

(irrelevant), participants failed to ignore the fee, replicating the sunk

cost fallacy. When the fee was a recoverable deposit (highly relevant),
however, participants did not fully incorporate it into their willingness
to pay for the new apartment. In other words, when the relevance of
the cue variable was high, participants exhibited the reverse sunk cost

fallacy as predicted by the relevance insensitivity account.

3.3 | Pastoutcome

One common statistical phenomenon is the regression toward the
mean effect, in which extreme outcomes are often followed by mod-
erate outcomes (Kahneman & Tversky, 1973). Despite the prevalence
of the phenomenon, people often have trouble recognizing it: they
tend to underpredict the extent to which extreme outcomes will
regress toward the mean (Kahneman, 2011; Kahneman &
Tversky, 1973). The bias has been explained by the representative-
ness heuristic and people’s tendency to come up with unjustified
speculations.

The underprediction of regression is also compatible with our rel-
evance insensitivity theory. We argue that people underpredict
regression because they are not sensitive to the relevance of past out-
comes (i.e., the cue variable) to future outcomes (i.e., the target vari-
able). Indeed, Hsee et al. (2019) both replicated the underprediction
bias and demonstrated the reverse: When past outcomes were not
diagnostic of future outcomes (low relevance), participants over-relied
on past outcomes, underpredicting the regression. However, when
past outcomes were highly diagnostic of future outcomes, participants

under-relied on past outcomes, overpredicting the regression.

3.4 | Baserate

When judging the probability of uncertain events, people tend to
focus on individuating information and neglect the base rate. In a clas-
sic demonstration of base rate neglect, participants estimated the
probability that a person was an engineer, and they relied heavily on
whether the person’s personality sketch was consistent with engineer
stereotypes but not on whether the base rate of engineers was 30%
or 70% (Kahneman & Tversky, 1973).

Base rate neglect has been attributed to the use of the represen-
tativeness heuristic, but we argue that relevance insensitivity may also
play a role: People are insensitive to the relevance of the base rate to
the target judgment. Thus, they under-rely on the base rate when it is
highly relevant to the target judgment (base rate neglect) but over-rely
on the base rate when it is not very relevant (a reverse bias). We
empirically tested both hypotheses and found supporting evidence in
Hsee et al. (2019).

3.5 | Specifications

Virtually, all consumer products carry quantitative specifications

(e.g., the resolution of a camera and the number of airbags in a
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massage chair). Hsee et al. (2009) found that consumers rely on speci-
fications even when the specifications are spurious and are no more
informative than the consumer’s direct experience. In one study, for
example, participants were asked to generate specifications based on
their actual experiences, so the specifications could not possibly pro-
vide additional information beyond their experiences. Specifically, par-
ticipants drew two circles to represent the softness of two towels and
then generated softness specifications by either estimating the diame-
ters of the two circles (e.g., 3 and 2 cm) or the areas of the two circles
(e.g., 7.07 and 3.14 cm?). While neither specification offered informa-
tion beyond participants’ experiences, participants who estimated
areas (such that the products had a larger difference in the specifica-
tions) were more likely to choose the softer towel than participants
who estimated diameters (a smaller difference). The result is evidence
of “specification seeking”: Participants relied on specifications even
though they were irrelevant to the task at hand.

We hypothesize that the specification-seeking effect occurs not
because consumers generally overweight specifications but because
consumers are insensitive to the relevance of specifications (i.e., the
cue variable) to consumption utility (i.e., the target variable). In Hsee
et al. (2009), specifications were not predictive of consumption utility
(i.e., relevance was low), and consumers over-relied on specifications.
We predict that when specifications are highly predictive of consump-
tion utility (i.e., relevance is high), consumers will under-rely on speci-
fications, such that they underestimate the difference in consumption

utility between products with low and high numerical specifications.

3.6 | Effort
Consumers often evaluate products and services based on the amount
of effort or time it takes to produce the product or render the service
(Buell & Norton, 2011; Chinander & Schweitzer, 2003; Kim &
Labroo, 2011; Kruger et al., 2004; Yeung & Soman, 2007). Prior
research has yielded converging evidence that consumers over-rely
on effort, such that consumers are biased in favor of products and ser-
vices associated with more effort even when the effort is irrelevant
(Kim & Labroo, 2011) or counterproductive (Buell & Norton, 2011;
Yeung & Soman, 2007). In one study by Yeung and Soman (2007), par-
ticipants were asked to judge an unlocking service. Rationally speak-
ing, a faster unlocking service is more efficient and probably better
than a slower service. However, participants judged the price of the
slower unlocking service as more reasonable than the price of the fas-
ter service because participants relied on effort (time) as a cue.
Consistent with the relevance insensitivity theory, some
researchers have reasoned that the “more-effort-is-better” effect
occurs because people over-rely on inputs as a proxy for outcomes
(Chinander & Schweitzer, 2003; Kim & Labroo, 2011; Kruger
et al., 2004; Yeung & Soman, 2007). We agree—it seems that con-
sumers are insufficiently sensitive to the relevance of effort (the cue
variable) to quality (the target variable), so consumers over-rely on
effort to infer quality when quality does not depend on effort (i.e., low

relevance), demonstrating the “more-effort-is-better” effect. We also

predict the reverse: When quality heavily depends on effort (i.e., high
relevance), people may under-rely on effort to predict quality. For
example, the taste of a Chinese old-mother-chicken soup depends
heavily on how long it is cooked, such that the relevance of effort to
quality is higher than in usually encountered situations. Thus, we
would expect people to under-rely on effort (time) when predicting
the taste of the soup.

3.7 | Price

The relevance of a product’s price to its attributes, such as quality and
healthiness, is context specific. Previous work has found that even
when price is not related to quality, consumers still perceive more
expensive products as higher-quality than cheaper products (Cronley
et al, 2005; Kardes et al., 2004). Similarly, people assume that more
expensive products are healthier even when price is not associated with
healthiness (Haws et al., 2016). In both cases, consumers demonstrate
an over-reliance on the product’s price when judging its attributes.

The price-quality and price-health heuristics documented in pre-
vious literature are consistent with our theory: People are insensitive
to the relevance of price (i.e., the cue variable) to product attributes
such as quality and healthiness (i.e., the target variable). When price is
irrelevant to quality and healthiness, people over-rely on price infor-
mation, as documented in the literature. We also predict that when
price is highly relevant, people may under-rely on price information
when judging quality and healthiness. For example, the price of con-
struction materials (e.g., carbon steel, stainless steel, and alloy) are
highly predictive of quality (e.g., toughness and resistance to heat and
corrosion), but people may underestimate the quality difference

between materials with different prices.

3.8 | Current preferences

When predicting future preferences, people tend to anchor on their
current preferences, believing (often incorrectly) that their future pref-
erences will be similar (Gilbert et al., 2002; Loewenstein et al., 2003;
Sayette et al., 2008; VanEpps et al., 2016). In one study, people were
asked to choose between two snacks—one healthy (fruit) and the
other unhealthy (junk food), and they were informed that they would
receive the chosen snack in a week. Normatively speaking, the partici-
pant’s current hunger should not influence their choice of a snack to
be consumed in a week. However, results showed a “projection bias”:
Participants who made their choice in a hungry state were more likely
to choose the unhealthy snack than those who made their choice in a
satisfied state (Read & van Leeuwen, 1998).

The projection bias has been attributed to insufficient adjustment
(Gilbert et al, 2002) and the hot-cold empathy gap
(Loewenstein, 2005), but it also is consistent with the relevance insen-
sitivity theory. We propose that the projection bias occurs because
people are insensitive to the relevance of their current preferences

(i.e., the cue variable) to their future preferences (i.e., the target
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variable). People over-rely on current preferences when they are
inconsistent with future preferences, as documented in Loewenstein
et al. (2003), and we predict that people will under-rely on current
preferences (a reverse projection bias) when current preferences are
highly consistent with future preferences. Indeed, research has found
that when choosing what to consume in the future, consumers may
choose too little of their favorite option due to an erroneous belief
that they will become satiated with it (Read & Loewenstein, 1995).

3.9 | Duration (of existence)

People tend to evaluate an object or a practice more positively when
the object/practice has existed for a longer duration, even when dura-
tion is unrelated to quality (Eidelman et al., 2010; Kupor et al., 2021).
For example, in one study by Eidelman et al. (2010), participants
viewed a relatively unknown painting and judged its aesthetics. Partic-
ipants who were informed that the painting was from 1905 rated it as
more aesthetically pleasing than participants who were informed that
the painting was from 2005.

Consistent with our theory, Eidelman et al. (2010) attributed their
effect to the overapplication of the “longer is better” heuristic. More
generally, we propose that the bias occurs because people are insensi-
tive to the relevance of the duration of existence (i.e., the cue vari-
able) to quality (i.e., the target variable). Eidelman et al. (2010) found
an over-reliance bias when duration was unrelated to quality, and we
predict that when duration is highly predictive of quality, people may
under-rely on duration when judging quality. For example, the longev-
ity of hedge funds is highly predictive of performance because hedge
funds with bad performance usually do not survive for long in such a
competitive market. We predict that people may under-rely on lon-

gevity when predicting the performance of hedge funds.

3.10 | Category boundary crossing
Often, stimuli in different categories are more different than stimuli
within the same category, so people tend to infer the difference
between two stimuli based on their category membership—even
when the category membership is irrelevant. For example, a pair of
cities in different states are perceived as farther apart
(e.g., Sacramento, CA, and Eugene, OR) than a pair of cities in the
same state (e.g., Sacramento, CA, and San Diego, CA) even though the
actual distance is the same (Irmak et al., 2011). Time periods feel lon-
ger when they cross more time categories (e.g., from 1:45 p.m. to 3:15
p.m. vs. from 1:15 p.m. to 2:45 p.m.; Donnelly et al., 2022). Number
pairs seem more different if they have different leftmost digits
(e.g., 299 and 300) than if they share the leftmost digit (e.g., 298 and
299; Sokolova et al., 2020; Thomas & Morwitz, 2005).

We argue that these biases occur because people are insensitive to
the relevance of category boundary crossing (i.e., the cue variable) to
the distance between two stimuli (i.e., the target variable). Category

boundary crossing was irrelevant in the aforementioned studies, so the

studies demonstrated an over-reliance bias. We predict that an under-
reliance bias will occur when category boundary crossing is highly diag-
nostic. For example, suppose that people are asked to estimate the dis-
tance between Sacramento, CA, and Miami, FL, and the distance
between Sacramento, CA, and San Francisco, CA. Then, the fact that
Sacramento and Miami are in different states while Sacramento and
San Francisco are in the same state is a highly valid cue that the former
distance is much greater than the latter. In this case, we predict that
people will under-utilize the cue of category boundary crossing and will

underestimate the difference between the two distances.

3.11 | Product name

The name of a product often, but not always, provides hints about its
characteristics and value. Research has shown that consumers con-
sider a product's name even when it is not very informative. For
example, consumers have a significantly lower willingness to pay for a
probabilistic good if it is labeled a “lottery ticket,” “raffle,” “coin flip,”
or “gamble” (vs. “gift certificate” or “voucher”) because the names are
associated with high (vs. low) risk (Yang et al., 2013).

From the perspective of the relevance insensitivity theory, the cue
variable is the product name, and the target variable is the actual risk
associated with the probabilistic good. In line with our theory, the
authors attributed the labeling effect to an over-reliance on the name
of a probabilistic good as a proxy for the risk associated with the good.
We believe that an under-reliance bias also is possible if the product
name is highly diagnostic of the product risk. For instance, the names of
casino games are highly diagnostic of the odds of winning: Blackjack
has the best odds of winning (with a house edge of 1% in most casinos),
whereas slot machines have the worst odds of winning (with a house
edge of 10% or more; Matarese, 2018). However, the increasing popu-
larity of slot machines suggests that consumers may not use the names

of casino games as proxies for the odds of winning.

3.12 | Healthiness
Consumers learn through personal experience and observations that
unhealthy food often tastes better than healthy food. Overgeneraliz-
ing this experience, consumers judge the same food item as tastier
when it is portrayed as less healthy (Raghunathan et al., 2006). In one
study, consumers were presented with two new brands of cheddar-
flavored snack crackers and rated the tastiness of each cracker. Both
crackers contained 13 g of fat per serving, but one cracker contained
more unsaturated fat (generally considered healthy), while the other
cracker contained more saturated fat (unhealthy). Although the two
crackers should have tasted the same given that they had the same
total fat content, consumers reported that the cracker with more satu-
rated fat was tastier than the one with more unsaturated fat.

The explanation that people tend to overgeneralize the
“unhealthy = tasty” intuition (Raghunathan et al., 2006) is compatible
with the relevance insensitivity theory: People are insensitive to the
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relevance of healthiness (i.e., the cue variable) to tastiness (i.e., the tar-
get variable). While Raghunathan et al. (2006) documented an over-
reliance bias when healthiness is not predictive of tastiness, we pre-
dict that an under-reliance bias will occur when healthiness is highly
predictive of tastiness, such that consumers may underestimate the
difference in tastiness between healthy and unhealthy food items.

3.13 | Algorithmic bias

Zhang and Yang (2022) investigated the consequences of raising pub-
lic awareness of racial bias in algorithms. They found that after learn-
ing from the news that some algorithms exhibit racial bias, people
overgeneralize the information and behave as if other algorithms are
also racially biased. Consequently, raising awareness of algorithmic
racial bias can deter Black consumers, but not White consumers, from
using “good” (i.e., fair and beneficial) algorithms. Relatedly, Longoni
et al., (forthcoming) found that people are more likely to generalize
algorithmic failures than human failures.

The authors theorized that most consumers have a poor under-
standing of how algorithms work, so they tend to overgeneralize any
knowledge they gain about one algorithm. We agree—it seems that
people are insensitive to the relevance of one algorithm (i.e., the cue
variable) to another algorithm (i.e., the target variable). In Zhang and
Yang (2022), consumers learned about an algorithm (racially biased) that
was not at all diagnostic of the target algorithm (fair and beneficial) and
then over-relied on their knowledge when judging the target algorithm.
We also predict that people may under-rely on their knowledge about a
biased algorithm when the biased algorithm is highly diagnostic of the
target algorithm, such that the biased and target algorithms use the

same methodology, model specifications, training data, and so on.

3.14 | Usage frequency
Previous literature shows that when consumers decide whether to pur-
chase a product, they overlook how frequently they will use the prod-
uct. Thus, consumers undervalue a durable product with high usage
frequency (Mittelman et al., 2020) and overvalue a multi-feature prod-
uct, of which some features have low usage frequency (Goodman &
Irmak, 2013). The authors attribute “usage frequency neglect” to the
non-accessibility of the frequency information at the choice stage
(Mittelman et al., 2020) and a failure to distinguish between having
product features and using product features (Goodman & Irmak, 2013).
According to our theory, however, usage frequency neglect
occurs because people are insensitive to the relevance of a product’s
usage frequency (i.e., the cue variable) to its consumption utility
(i.e., the target variable). In Goodman and Irmak (2013) and Mittelman
et al. (2020), usage frequency was highly diagnostic of consumption
utility, so consumers under-relied on usage frequency. We also pre-
dict an over-reliance bias when usage frequency is not very diagnostic
of consumption utility. For example, many homeowners do not have

fire extinguishers, perhaps because they do not think they will ever

need to use one. In other words, when evaluating the consumption
utility of a fire extinguisher, homeowners over-rely on the fact that

the usage frequency is extremely low.

3.15 | Option availability

People often exert effort to hold onto multiple attractive options
(e.g., college majors and romantic partners). Shin and Ariely (2004)
conducted a series of experiments using “door games” and found that
people invest too much to hold onto options even when the options
are not appealing.

Our theory argues that the underlying cause of the effect is that
people are insensitive to the relevance of option availability (i.e., the cue
variable) to utility (i.e., the target variable). When keeping options avail-
able does little to improve the payoff (i.e., relevance is low), consumers
waste effort keeping options available, as documented in Shin and Ariely
(2004). We also predict that when keeping options available substan-
tially enhances the payoff (i.e., relevance is high), people may not try as
hard as they should to keep options available. You probably have heard

someone lament their mistake of not holding a stock for long enough.

3.16 | Urgency
The urgency of a task often is moderately diagnostic of its conse-
quences, so consumers may learn to use task urgency as an input
when prioritizing tasks. Zhu et al. (2018) found that people seek
urgent tasks even when the only consequence of doing so is a subop-
timal financial payoff. Specifically, the authors found that online
workers were more likely to perform lower-paying tasks over compa-
rable higher-paying tasks when the lower-paying tasks were more
urgent (e.g., would expire in 10 min vs. in 24 h). The “mere urgency
effect” occurred even when the urgency was illusory and irrelevant
(e.g., when everyone could easily complete the task within 5 min).
While the authors argued that the mere urgency effect happened
because urgency drew people’s attention to the task’s time dimension
instead of its outcome dimension, we argue that people are insensi-
tive to the relevance of a task’s urgency (i.e., the cue variable) to its
utility (i.e., the target variable). The urgent task was not associated
with a better payoff (i.e., relevance was low) in Zhu et al. (2018), so
the likelihood of choosing the urgent task was irrationally high. We
expect that people may not put enough effort into the urgent task
when task urgency has a strong positive association with the payoff
(i.e., relevance is high). For instance, people may decide not to apply
to a dream school or dream job for which the deadline is approaching,

thereby missing out on the opportunity to realize their full potential.

3.17 | Reactions

Decades of research show that a reaction can reinforce an action if

the reaction is a reward (i.e., a priori positive) or carries useful
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information (Baumeister, 1998; Skinner, 1953). Recently, however,
Hsee et al. (2015) found that a reaction can also reinforce the action
even if the reaction is a priori non-positive and non-informative. For
example, in a field study, the authors ran a donation campaign for
homeless cats. People could donate by inserting coins into a special
donation box, and people donated more when the donation box emit-
ted an unpleasant sound (vs. no sound) when a coin was inserted.

The authors attributed the “mere reaction effect” to overgenerali-
zation: People internalize the tendency to seek reactions because
reactions often (but not always) carry useful information. Similarly,
our theory posits that people are insensitive to the relevance of a
reaction (i.e., the cue variable) to utility (i.e., the target variable). When
reactions offer no benefit (i.e., relevance is low), people seek too many
reactions, as shown in Hsee et al. (2015). We also predict that when
reactions offer considerable benefit (i.e., relevance is high), people
may fail to seek enough reactions, exhibiting the reverse bias. Consis-
tent with this prediction, research in product design has shown that
although consumer reactions (e.g., user input and insights) are highly
beneficial for product design, designers unfortunately tend not to

solicit enough consumer feedback (Norman, 2013).

3.18 | Deadline length

In many situations, more difficult goals have longer deadlines, so peo-
ple may learn to use deadline length as a predictor of goal difficulty.
Zhu et al. (2019) demonstrated that people commit more resources to
goals with longer deadlines even when deadline length is incidental
(i.e., not relevant to the goal's difficulty or normative resource require-
ment). For example, in one study, participants imagined that they
were organizing an afternoon tea party for their high school best
friend, who would visit in either 3 months (the longer deadline) or
1 month (the shorter deadline). Participants with the longer
(vs. shorter) deadline expected hosting the party to be more
challenging—so they decided to spend more money on it.

Zhu et al. (2019) attributed the “mere deadline effect” to the
overapplication of the rule that “a longer deadline = a more difficult
task.” It seems that people are insensitive to the relevance of the
deadline length (i.e., the cue variable) to goal difficulty (i.e., the target
variable). In Zhu et al. (2019), the deadline length was not diagnostic
of goal difficulty, so people over-relied on the deadline length to judge
goal difficulty. We expect that an under-reliance bias will occur when
the deadline length is highly diagnostic of goal difficulty. When people
need to complete either one project in 1 month or three projects in
3 months, they may not allocate three times as many resources in the

latter case as in the former.

3.19 | Observing others’' performances
Kardas and O'Brien (2018) found that people who repeatedly watch
others perform a skill (e.g., throwing darts, playing online games, and

dancing) over-predict their own performance. In one experiment,

CONSUMERIE! IOGY REVIEW
participants watched a training video of moonwalking either one time
(low exposure) or 20 times (high exposure) and then attempted to
moonwalk without any practice. Actual performance (as rated by exter-
nal observers) did not differ between conditions, but participants with
high (vs. low) exposure were more confident in their performance.

The authors reasoned that the “illusion of skill acquisition” hap-
pens because people do not sufficiently account for the gap between
seeing (knowing what the performance looks like) and doing (knowing
what the performance feels like). Our theory offers a slightly different
account: Observation is moderately helpful for skill acquisition in
usually-encountered situations, and people are insensitive to situa-
tional variation in the relevance of observation (i.e., the cue variable)
to skill acquisition (i.e., the target variable). In Kardas and O’Brien
(2018), observing a skill provided little help with skill acquisition, so
participants over-relied on the number of observations to predict their
own performance. When observing a skill is very helpful for acquiring
the skill (e.g., design a website using a website builder), we expect
people to under-rely on the number of observations to predict their

own performance.

3.20 | |Initial experience
Many technology products require skill to use, and Billeter et al.
(2010) discovered that people who briefly try a new product underes-
timate how quickly they could master the skills required for fluent
product use. In one study, participants used a new keyboard to com-
plete two rounds of a typing task. After finishing the first round, par-
ticipants predicted their performance in the second round before
completing the round—and their predictions were worse than their
actual performance. The authors argued that underestimation hap-
pened because unskilled users have difficulty imagining being skilled.
We propose that the bias occurs because people are insensitive
to the relevance of their initial experience (i.e., the cue variable) to
their subsequent experience (i.e., the target variable). When an initial
experience is not diagnostic of subsequent experiences, people over-
rely on the initial experience. In Billeter et al. (2010), the initial experi-
ence was difficult, so participants underpredicted their speed of learn-
ing. (Over-reliance also could manifest as an overprediction of the
speed of learning when the initial experience is easy.) We also predict
that an under-reliance bias is possible: when an initial experience is
highly diagnostic of subsequent experiences, people may under-rely
on the initial experience, so they may overpredict (underpredict) their

speed of learning when their initial experience is difficult (easy).

3.21 | One’s own feelings

People often anticipate the reactions of others in social interactions,
and often (but not always), one’s own reaction to an experience is a
reasonable barometer for others’ reactions to the same experience.
Campbell et al. (2014) found that repeated exposure to an evocative

event (e.g., an image and a joke) leads to an under-prediction of the

858017 SUOLILLOD 3ATea10 3| jdde au Aq peuenob afe sejone VO ‘8sn Jo SNl 10y ARIq1T8UIIUO /3|1 UO (SUORIPUOD-PUR-SWBIW0D A8 1M ATelq 1 [eu|UO//SdNL) SUORIPUOD PUe SwLe 1 81 885 *[620z/20/c2] Uo AriqiTauluo fe|im ‘teuess| JO AiseAIuN Ag Z80T dore/Z00T 0T/10p/u0o" A8 Ake.d i jpuluo-dosAw/:sdny wolj pepeolumod ‘T ‘€202 ‘T82T9LYZ



130 | SCP SOCIETY FOR

YANG ET AL.

PSYCHOLOGY

emotional intensity of first-time viewers. For example, participants
were asked to copy a funny joke either once or five times. Afterward,
participants rated how funny they found the joke and predicted how
funny someone else would find the joke. Participants who had copied
the joke five times (vs. only once) not only thought the joke was less
funny but also predicted that the joke would be less funny for others.
The authors attributed the “desensitization bias” to an insensitiv-
ity to one’s own desensitization and a lack of perspective-taking. The
relevance insensitivity theory offers a more general explanation: peo-
ple are insensitive to the relevance of their own feelings (i.e., the cue
variable) to others’ feelings (i.e., the target variable). In Campbell et al.
(2014), after copying the joke five times, participants’ apathetic feel-
ings about the joke were not very diagnostic of the feelings of the
hypothetical others who would read the joke for the first time. Thus,
participants over-relied on their own feelings, leading to an underesti-
mation of the intensity of others’ feelings. (If participants’ feelings
were intense rather than apathetic, we would expect an overestima-
tion of the intensity of others’ feelings.) We also predict that an
under-reliance bias will occur when a person’s feelings are highly diag-
nostic of others’ feelings, such that people will overestimate (underes-
timate) the intensity of others’ feelings when their own feelings are

apathetic (intense).

4 | CONCLUSION

This review uses the relevance insensitivity theory proposed by Hsee
et al. (2019) to analyze and integrate ostensibly unrelated biases in
consumer behavior and beyond. The theory is general enough to
encompass and integrate a wide range of biases yet specific enough
to identify the cue variable and target variable in each bias, explain
the bias, and predict the opposite bias.

Notably, the biases reviewed above are just examples. Other
biases that fit the relevance insensitivity framework include the
numerosity heuristic (Pelham et al., 1994), neglect of marginal utility
(Li & Hsee, 2021), overcommunicating upward counterfactual infor-
mation (Li et al, forthcoming), the confidence heuristic (Price &
Stone, 2004), ease-of-retrieval effect (Schwarz et al., 1991), affect-as-
information effect (Schwarz & Clore, 1983), and biased assimilation
effect (Lord et al., 1979). For example, in the affect-as-information
effect, people incorporate their momentary affective state into judg-
ments. The relevance insensitivity framework posits that people are
insensitive to the relevance of their current mood (i.e., the cue vari-
able) to the judgment at hand (i.e., the target variable). We predict that
people over-rely on mood when it is irrelevant and under-rely on
mood when it is highly relevant.

While reviewing the biases, we noticed an interesting pattern in
the literature: The vast majority of documented biases involve an
over-reliance on irrelevant cues rather than an under-reliance on
highly relevant cues. We speculate that this pattern occurs because it
is easier for researchers to construct situations in which a cue is nor-
matively irrelevant than to construct situations in which a cue is highly

relevant (more relevant than usual). For example, it is easy to find

situations in which anchor numbers are normatively irrelevant
(e.g., spinning a wheel), but it is more difficult to find situations in
which anchor numbers are of unusually high relevance.

It is also important to note that a vast body of literature in social
and consumer psychology has shown that people’s judgments, percep-
tions, and behaviors are susceptible to contextual cues. While a hyper-
sensitivity to contextual cues may seem contradictory to the notion of
an insensitivity to relevance, the two phenomena are actually compati-
ble. For all context effects that involve a hypersensitivity to normatively
irrelevant contextual cues, we offer a general mechanism: Many con-
textual cues are moderately relevant in usually encountered situations,
so people over-rely on cues when they are irrelevant (as documented in
the context effect literature), and we predict that people will under-rely
on cues when they are highly relevant.

Biases are like islands in a sea—some big, some small, some above
the water, and some under the water. Our model is far from able to
cover all islands in the sea, but it offers a way to map and integrate at
least a chunk of the islands that have been considered isolated and
disparate, and it has the potential to uncover more islands that remain

under the sea.
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