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Abstract. Building on a textbook description of associative memory (Kahana 2012), we present a model of 

choice in which a choice cues recall of similar past experiences. Memory shapes valuation and decision in 

two ways.  First, recalled experiences form a norm, which serves as an initial anchor for valuation.  Second, 

salient quality and price surprises relative to the norm lead to large adjustments in valuation.  The model 

provides a unified account of many well documented choice puzzles including attribution and projection 

biases, inattention to hidden attributes, background contrast effects, and context-dependent willingness to 

pay. Unifying these puzzles on the basis of fundamental psychological processes – memory and attention to 

surprise – yields new predictions relative to existing accounts of the same phenomena. 
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1. Introduction 

Memory plays a central role in even the simplest choices. Consider a thirsty traveler thinking of 

whether to look for a shop to buy a bottle of water at the airport. He automatically retrieves from memory 

similar past experiences, including the pleasure of quenching his thirst and the prices he paid before, and 

decides based on these recollections. Memory helps predict decision values, even before the consumer 

enters the shop and sees the product. It serves as an anchor for valuation. 

But memory does more than that. After the traveler enters the shop, seeing the price triggers 

retrieval of more specific memories of similar past experiences with bottled water, including prices. In the 

neoclassical model of choice, these memories do not affect behavior, only intrinsic attributes do. Reality is 

arguably different. If the traveler is at an airport for the first time, he retrieves the prices he is used to paying 

downtown and is likely shocked by the much higher airport price. He might then refuse to buy, even if very 

thirsty. On the other hand, a seasoned traveler recalls the high prices seen at other airports in the past: the 

same high price looks normal to him, and hence acceptable. Here, memories serve as a reference for 

experiencing the current price as normal or surprising, which shapes the adjustment of valuation.  

This dual role of memory is reminiscent of Kahneman and Miller’s Norm Theory (1986).  In Norm 

Theory, an event spontaneously triggers recall of past similar experiences, which provide a sense of what is 

normal.  These consolidated experiences are referred to as norms. An event similar to the norm is not 

surprising, and the evaluation is assimilated to the norm. In contrast, an event that is very different from the 

norm it elicits generates a surprise, as for the first-time traveler at the airport shocked by the abnormal water 

price. This idea is also related to a neuroscientific model of sensory perception, the “predictive brain model” 

(Hawkins and Blakeslee 2004; Clark 2013). The brain automatically forms mental representations of reality. 

If these representations are accurate, they are used as a guide to action. If they are inaccurate, our attention 

is engaged and the initial representation is adjusted.1 

                                                           
1 For instance, as we open a door our brain unconsciously predicts the door knob’s temperature. If the temperature is 
close to the usual, the experience is normal and behavior proceeds on the basis of the initial mental prediction. If instead 
the doorknob is unusually hot, we are surprised: our attention is engaged and our representation is adjusted. 
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This paper offers an economic model capturing these ideas based on an anchoring and adjustment 

mechanism. Consider a consumer with true preferences for a good given by q – p, where q is its quality and 

p is its price.  When he thinks about this good, his brain spontaneously retrieves from memory experiences 

from the past, and aggregates them into a norm for this good’s quality and price (𝑞#, 𝑝#). In some cases, as 

when the traveler decides whether or not to go look for water, his decision is entirely anchored to the value 

𝑞# − 𝑝# entailed by the norm. If instead the consumer sees the actual price and quality (𝑞, 𝑝) of the good, 

as when the traveler sees water at the airport shop, his norm responds to these stimuli as well. His attention 

is drawn to discrepancies between this norm and reality, and valuation adjusts to:  

𝑞# − 𝑝# + 𝜎(𝑞, 𝑞#) ∙ (𝑞 − 𝑞#) − 𝜎(𝑝, 𝑝#) ∙ (𝑝 − 𝑝#).																																									(1) 

This adjustment depends on the discrepancy between the normal and the actual attributes through a salience 

weight 𝜎(𝑥, 𝑥#) that captures key features of sensory perception (Bordalo et al. 2012, 2013).  When the 

seasoned traveler sees a price 𝑝 that is close to his retrieved norm 𝑝#, salience is low and adjustment is 

minimal.  But for the inexperienced traveler, the same airport price 𝑝 is much higher than his retrieved 

downtown norm 𝑝#.  The discrepancy is salient, the adjustment is strong, and valuation collapses. 

A key contribution of our model is the formalization of retrieval from memory, which endogenizes 

the norm (𝑞#, 𝑝#) as a function of the consumer’s past experiences and environmental cues.  In economic 

models, a consumer retrieves all his past experiences, but also a lot of publicly available statistical 

information. In reality, memory is limited and selective. Early models recognizing these basic limitations are 

Gilboa and Schmeidler (1995) and Mullainathan (2002). In this paper, we go a step further, and adapt to an 

economic setting the textbook psychology model of associative memory (Kahana 2012) 2. Sensory stimuli 

such as the price and quality of a good, but critically also contextual stimuli such as location and time, act as 

cues that trigger recall of similar past experiences.  Such recall is associative, meaning that a cue triggers 

recall of items from memory that are similar to that cue.  Recall is also subject to interference, meaning that 

recall of items of given similarity to the cue is weakened or blocked entirely by the presence of more similar 

                                                           
2 Some models feature recency effects but abstract from similarity and interference (Taubinsky 2014, Ericson 2017, 
Bushong and Gagnon-Bartsch 2019, Nagel and Xu 2018, Azeredo da Silveira and Woodford 2019). 
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items in working memory.3  When thinking about white things in a kitchen, the cue “milk” makes it more 

likely that “yogurt” is retrieved, but less likely that “flour” is retrieved. These features of memory have the 

fundamental implication that the recalled experiences of a good can be very different from a statistically 

average version, leading to substantial malleability in what is considered “normal”. 

We find that when the recalled norms are based on extensive experience, they are typically well-

adapted to reality, entailing minimal surprise and close to rational behavior. Departures from rationality arise 

when a database of selected experiences or a misleading contextual cue retrieve distorted norms, which 

anchor valuation or cause artificial surprise. This idea unifies many well documented puzzles that are typically 

explained with many different models. In addition, the structure of memory yields new predictions that 

cannot be obtained under current formalizations of the same puzzles.    

In Section 2 we present our model and show that memory based norms unify elements of backward 

looking (Kahneman and Tversky 1979, DellaVigna et al. 2017) and rational expectations (Koszegi and Rabin 

2006) reference points. The price norm of a traveler going for the second time to the airport is still heavily 

influenced by the disproportionate number of downtown experiences.  It is not fully rational, but overweighs 

high prices because the airport context interferes with recall of cheap downtown experiences.  After enough 

airport visits, interference from past airport visits is so strong that the consumer has two well adapted 

“rational expectations” norms for water: an expensive one at the airport, and a cheap one downtown.         

In Section 3 we show that anchoring to memory norms accounts for many choice puzzles involving 

the valuation of future benefits or costs. Some come simply from a selected memory database, as in the case 

of the attribution bias.  For example, a person who visited an amusement park in bad weather would have 

lower evaluation of such parks than a visitor in good weather (Haggag et al. 2018).  Another more subtle 

                                                           
3 These principles are illustrated by two experimental paradigms. In item recognition tests, subjects assess whether 
given words are part of a previously shown list. These words cue recall from the list stored in memory.  These tests show 
the role of similarity because i) the probability of recall is higher for items that belong on the list (so the cue is more 
similar to the item), and ii) subjects are more likely to mistakenly recognize words that are similar to a list member (they 
recognize yogurt when milk is on the list).  In cued recall tests, subjects retrieve words that are pairwise associated with 
a cue, having previously been shown lists of word pairs.  These tests show the role of interference: if the cued word 
appears in many word pairs (so it is associated with many other words), recall of each association is less likely (Anderson 
and Reder 1999).  Here interference is stronger for items that are more similar, so similarity shapes cued recall as well. 
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distortion arises when a cue triggers selective retrieval of experiences most closely associated with this cue. 

For example, the evidence on the projection bias shows that people buy more convertible cars on sunny days 

(Busse et al. 2015), perhaps because the sunny weather cues the retrieval of fun drives, and interferes with 

recalling experiences of driving in the snow.  Finally, the combination of a selected database and selected 

retrieval sheds light on persistently neglected attributes. The tendency of consumers to neglect sales taxes 

(Chetty, Looney and Kroft 2009) can be explained by the fact that previous experiences with the good are 

dominated by prices observed in the aisle context (sales taxes are included on the whole basket of purchases 

at the checkout).  These prices spontaneously anchor valuation and choice. 

In Section 4 we show that adjustment to surprise relative to the norm helps explain several puzzles 

involving the valuation of actual attributes. The model yields assimilation to small deviations from the norm, 

meaning that choices are insensitive to stimuli, and over-reaction to large deviations, also known as contrast 

effects. Insensitivity to stimuli is one key difference between our model of valuation and Prospect Theory, 

which features only contrast around the reference point. We summarize a good deal of evidence from 

marketing, economics, and choice experiments pointing to the co-existence of both assimilation and contrast 

depending on the cue. We also focus specifically on contrast effects, and show how the model sheds light on 

several extremely puzzling findings such as Thaler’s (1985) beer on the beach experiment and Simonsohn 

and Loewenstein’s (2006) evidence on movers, but also describes the limits of these effects. 

 In addition to a unified account of several puzzles, the structure of memory yields new predictions 

that cannot be obtained with existing models.  These predictions rely on the following three principles:  

First, recall and norms are shaped by cues, even if the latter are normatively irrelevant.  To give an 

example, reminding the shocked first time airport traveler about the price of water he once paid at a 

restaurant, or priming him with the irrelevant restaurant context, should make him less surprised at the 

airport, and more willing to buy.  This prediction does not arise under rational expectations reference points, 

which already integrate all relevant information the agent has. 
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Second, the effect of cues is individual-specific, as it depends on each person’s past experiences.  For 

instance, in the projection bias the “sunny day” cue should exert a stronger influence on a consumer from 

Chicago than on one from Miami. This is due to two effects. First, absent the sunny day cue, the Chicago 

consumer would recall worse weather due to his more numerous bad weather experiences. Second, the 

Chicago consumer has experienced sufficiently many sunny days so that, once primed with sunny weather, 

these experiences strongly interfere with the recall of bad weather. The dependence of projection bias on 

personal experiences does not arise in existing theories (Loewenstein et al 2003), in which this distortion is 

mechanically due to excess persistence of current utility. 

Third, contrast effects arise only if there is a sharp difference between the current price and the 

recalled past prices, due to either a selected database or a contextual cue. For instance, Thaler (1985) asked 

subjects for their willingness to pay for a beer to be consumed at the beach but purchased either at a nearby 

resort or, in a second treatment, at a nearby shack. Priming the resort context activates a norm of high prices, 

which is very different from the beer prices the consumer is used to paying.  This difference causes typical 

prices to appear surprisingly low, which boosts the consumer’s willingness to pay.  Thaler’s effect should 

diminish or disappear if the cued location is less expensive than a resort.      

We study in detail the implications and new predictions of our approach. But the broad point is that 

memory offers a powerful unifying force. Disparate effects emerge naturally from our anchoring and 

adjustment model because memory is not just an additional ingredient that we add to existing models, with 

the aim of explaining some new facts. Rather, memory is an inevitable part of how we think and form 

valuations. Recall has a well-understood structure, which in turn predicts empirical regularities. Using these 

insights to understand economic choice delivers unification, clarity, and new testable predictions. 

 

2. A Model of Memory 

We first describe the memory database, the process of cued recall, and the formation of memory-

based norms. We also discuss how norms relate to reference points.  
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Episodic memory is a database of past choice experiences. Experiencing a quality-price option (𝑞, 𝑝) 

in context 𝑐 creates a trace 𝑒 = (𝑞, 𝑝, 𝑐) in the consumer’s database. Components 𝑞 and 𝑝 identify the 

hedonic attributes of an option, and we assume throughout that true utility is given by q – p.  In addition, 𝑐 

captures non-hedonic attributes present during encoding, such as location or time.  The experience is broader 

than purchasing.  Considering the good in a shop, seeing its price in an advertising campaign, or being told 

by a friend about it, all leave traces that are potentially available for recall.4 For simplicity, we abstract from 

rehearsal of past options (Mullainathan 2002).   We assume context 𝑐 to be cardinal. In reality, 𝑐 is multi-

dimensional and categorical. The model can be extended to capture this richness.    

The memory database at time 𝑡 is summarized by a good-specific distribution 𝐹4(𝑞, 𝑝, 𝑐) measuring 

the frequency with which past experiences of this good entailed a quality below 𝑞, a price below 𝑝, and a 

context below 𝑐.  As new experiences come in, the distribution is updated.  When context 𝑐 captures calendar 

time, the set of times stored in memory expands. To simplify, we focus on a stable dimension 𝑐 such as 

location, and on frequently repeated situations in which 𝐹4(𝑞, 𝑝, 𝑐) has converged to an invariant distribution 

𝐹(𝑞, 𝑝, 𝑐). This restriction can also be viewed as focusing on a single static choice, abstracting from the 

evolution of the database. We use the shorthand 𝐹(𝑒) for 𝐹(𝑞, 𝑝, 𝑐). 

Because the database is good-specific, we rule out some associations.  For instance, a bottle of water 

may prime a substitute category such as soft drinks. The price may bring to mind other goods one can 

purchase with the money. To capture these phenomena, recall may be defined over the universe of goods 

and experiences, but we do not deal with this here. We also abstract from the possibility that surprising 

events may be more easily retrieved, as in the “peak-end” rule of recall (Kahneman et al. 1993). 

 

2.1 Cues, Similarity, and Norms 

                                                           
4 Whether decision makers process and remember prices is an important topic in the marketing literature. Dickson and 
Sawyer (1990) survey shoppers in a supermarket about their knowledge of the prices of the goods in their baskets. In 
their survey, 21% of shoppers do not recall the price but 56% state a price that is within 5% of the correct price. 
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The current choice (e.g. “evaluating a bottle of water”), which we denote with subscript 𝑡, comes 

with a cue 𝜅4 and with a database 𝐹(𝑒) of relevant experiences. Often, the cue is the full current experience 

of observing a bottle of water 𝑞4 at a price 𝑝4 in a location 𝑐4, corresponding to 𝜅4 = 𝑒4 = (𝑞4, 𝑝4, 𝑐4).  This 

case captures the traveler who sees quality and price at the airport shop.  Other times, only context is 

observed, so that 𝜅4 = 𝑐4.  This is the traveler thinking whether to look for the shop, where only the “airport” 

cue is available. Context is always observed. Distinguishing different cues helps the model make more precise 

predictions across situations. We implicitly assume that an initial cue (such as “thirst”) primes the good-

specific database (“water”). In a more complete model, this step can also be formalized.  

The cue 𝜅4 stimulates recall of similar past experiences, where similarity acts on the set of attributes 

defining the cue. Similarity is a measure of distance in the space of attributes cued by 𝜅4. We follow the 

standard assumption in psychology (Kahana 2012), and define similarity in terms of geometric distance.5  

Definition 1 The similarity of 𝑒 ≡ (𝑞, 𝑝, 𝑐) to the cue 𝜅4 is given by the multiplicatively separable distance: 

𝑆(𝑒, 𝜅4) ≡ 𝑆89𝜆;,4|𝑞4 − 𝑞|=𝑆>9𝜆?,4|𝑝4 − 𝑝|=𝑆@(|𝑐4 − 𝑐|)																																										(2) 

where the indicator 𝜆B,4 equals 1 if attribute 𝑥 is part of the cue 𝜅4 and zero otherwise, and 𝑆C:ℝF → ℝF is 

decreasing for 𝑘 = 1,2,3. The exponential specification takes the form: 

𝑆(𝑒, 𝜅4) = expM−𝛿O𝜆;,4(𝑞4 − 𝑞)> + 𝜆?,4(𝑝4 − 𝑝)> + (𝑐4 − 𝑐)>PQ,																																			(3) 

where 𝛿 ≥ 0 captures the importance of similarity in recall.     

Multiplicative separability implies that the relative similarity of two experiences to the same cue is 

only shaped by the dimensions along which they differ. This property sharply characterizes norms. We often 

use the specification in Equation (3), which follows Kahana (2012). A context cue 𝜅4 = 𝑐4 retrieves past 

experiences based only on contextual similarity. A full cue 𝜅4 = 𝑒4 recruits past experiences based on 

                                                           
5 Equation (2) follows multidimensional scaling (Torgerson 1958) in which the weights capture the unequal salience of 
different attributes.  Tversky (1977) highlights cases in which similarity does not follow geometric properties. 
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similarity along all attributes.  Past experiences are activated to different degrees, depending on similarity 

with 𝜅4.  Formally, we view this process as a cue-driven change of measure in the historical distribution 𝐹(𝑒).   

Definition 2. The memory weight of experience 𝑒 after the cue 𝜅4 is given by: 

𝑤(𝑒, 𝜅4) =
𝑆(𝑒, 𝜅4)

∫ 𝑆(𝑒̃, 𝜅4)𝑑𝐹(𝑒̃)
.																																																																(4) 

The quality and price norms for cue 𝜅4 are the similarity weighted average quality and price:  

𝑞#(𝜅4) ≡ Y𝑞𝑤(𝑒, 𝜅4)𝑑𝐹,											𝑝#(𝜅4) ≡ Y𝑝𝑤(𝑒, 𝜅4)𝑑𝐹.																											(5) 

As in Kahneman and Miller (1986), the norms 𝑞#(𝜅4) and 𝑝#(𝜅4) aggregate past experiences filtered 

according to similarity with the cue.  The norm satisfies two properties.  First, it weighs more similar 

experiences more heavily. Second, the weight attached to an experience decreases in the similarity of other 

experiences with the cue 𝜅4, because 𝑤(𝑒, 𝜅4) denotes relative similarity. This captures interference, 

whereby more similar memories block less similar ones (Kahana 2012).6  With the similarity function of 

Equation (3), a higher 𝛿 captures stronger interference of similar traces with dissimilar ones.  

According to Equation (5), the norm is tilted toward experiences most similar to the cue. To 

characterize the implications of this idea, we focus on the simplest case in which only one hedonic attribute 

varies across experiences.  In the following Proposition we assume, without loss of generality, that this is the 

price attribute, so that both the actual quality and its norm are fixed at 𝑞. We can then show: 

Proposition 1. Denote by 𝑝#(𝑐4) and 𝑝#(𝑝4, 𝑐4) the price norm when the cue is context or context and price, 

respectively. Assume that prices and context are independent in 𝐹(𝑒).  In this case, the observed context is 

irrelevant for norms.  In addition, denoting by 𝑝 the average price in the database, we have:  

i) When the only cue is context, the price norm is the unconditional average experienced price, 𝑝#(𝑐4) = 𝑝. 

                                                           
6 Equation (5) yields the well documented laws of recency and repetition. The “contextual drift” hypothesis states that 
𝑐4 moves slowly over time (e.g., our state of mind changes slowly) so context cues recent experiences.  In turn, the law 
of repetition follows from the fact that the distorted measure 𝑤(𝑒, 𝜅4) ∙ 𝑑𝐹(𝑒) attaches a larger weight to experiences 
with higher frequency 𝑑𝐹(𝑒), which thus influence the norm more than less frequent ones do. 
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ii) When the cue is context and price, the norm is 𝑝#(𝑝4, 𝑐4) = 𝑝#(𝑝4), where 𝑝#(𝑝4) is the price norm 

prevailing in the hypothetical case in which the cue is only price. If the marginal distribution of prices entailed 

by 𝐹(𝑒) is symmetric and unimodal, the norm 𝑝#(𝑝4) lies in between 𝑝4 and 𝑝. 

When context is uncorrelated with price, it has no effect on price norms. This usefully implies that 

researchers should focus on measuring only contextual variables that are correlated with price (and/or 

quality), and can neglect the rest. The experiences of a consumer purchasing water downtown accumulate 

in contexts that differ in a myriad of attributes such as location, layout, etc.  This bewildering variation, 

however, is unrelated to the price of water.  When cued with a specific store the consumer recalls past 

experiences at similar stores but those entail the same average price as would be retrieved in another 

location.  In this case, the norm is context-insensitive, and depends only on the average past price 𝑝.  This is 

similar to adaptive, backward looking reference points, but also coincides with rational expectations 

reference points because here context is uninformative of price.  

In contrast, as highlighted by property ii), the price norm is sensitive to a price cue, because the latter 

triggers recall of similar prices. The norm still depends on the average past price 𝑝, but due to similarity it 

also adjusts toward the current price 𝑝4. Similarity is thus a mechanism of “on the fly” adaptation to the 

current data.  Comparing again our model to reference points, memory based norms are more flexible than 

both backward looking and rational expectations reference points. Indeed, the latter do not depend on 

available cues, such as the current price. Ex post adaptation is evident in the following special case. 

Corollary 1 If the marginal distribution 𝑑𝐹(𝑝) is Gaussian with mean 𝑝 and variance 𝜋>, and the similarity 

function satisfies (3), then the measure 𝑤(𝑝, 𝜅4)𝑑𝐹(𝑝) is Gaussian with variance 𝜋>/(1 + 2𝛿𝜋>) and mean: 

𝑝#(𝑝4) =
𝑝 + 2𝛿𝜋>𝑝4
1 + 2𝛿𝜋> .																																																																								(6) 

Equation (6) is illustrated in Figure 1, where the green line depicts the norm conditional on price 𝑝. 
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Figure 1. The figure plots the norm 𝑝# (in green) as a function of observed price 𝑝4 when the database is Gaussian and 
context is uncorrelated with price (Equation 6).  

 

In equation (6) the norm is a weighted average of the past and current price.  This norm increases 

with the observed price, but less than one for one due to the disproportionate recall of the average (and 

modal) past price 𝑝.  When seeing the high price of water at the airport 𝑝^ for the first time, recall of the 

downtown price 𝑝 brings the norm down. This entails a big surprise, as Figure 1 shows.   

The norm adjusts more to the observed price, including the high airport price, when 𝛿 is higher, that 

is, when recall of similar past prices interferes more with retrieval of different, even if frequent, prices. In 

Figure 1, this means that when 𝛿 is higher the green line is closer to the 45_ line that goes through 𝑝.  

Evidently, a steeper norm in Figure 1 reduces the surprise associated with seeing a high price 𝑝4. Critically, 

the norm also adjusts more to price if past price variability 𝜋> is higher. In this case, a consumer seeing a high 

price recalls many past instances of similarly high prices, which interfere with the retrieval of low prices. The 

norm is steeper, the surprise is smaller. Similarity based recall thus implies that reaction to a cue is individual 

specific and stronger for those individuals who have more numerous past experiences similar to the cue. In 

general, we say that when 𝛿 and 𝜋> are higher the norm adapts better to the current price 𝑝4. 

Consider next the empirically more interesting case where price and context are correlated.  In this 

case, norms adjust and hence adapt to the current context. 
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Proposition 2 Suppose that 𝐹(𝑒) is Gaussian with mean (𝑝, 𝑐), variances of price and context 𝜋>and 𝛾>, and 

correlation 𝜌 between them. Then, using the similarity function in Equation (3) the price norms are given by: 

𝑝#(𝑐4) =
𝑝 + 2𝛿𝛾>𝔼c(𝑝|𝑐4)

1 + 2𝛿𝛾> ,																																																																						(7) 

𝑝#(𝑐4, 𝑝4) =
𝑝 + 2𝛿𝛾>𝔼c(𝑝|𝑐4) + [2𝛿𝜋> + 4𝛿>𝛾>𝜋>(1 − 𝜌>)]𝑝4

1 + 2𝛿𝛾> + [2𝛿𝜋> + 4𝛿>𝛾>𝜋>(1 − 𝜌>)] .																										(8) 

The norms in Proposition 2 adjust to context through the term 𝔼c(𝑝|𝑐4), which denotes the average 

price observed at context 𝑐4 in the database 𝐹(𝑒). A traveler entering the airport recalls past airport visits 

and the high price associated with them, because in the airport context 𝔼c(𝑝|𝑐4) is higher (Equation 7). 

Contextual similarity creates a form of statistical conditioning.  This conditioning is reminiscent of rational 

expectations reference points (Koszegi and Rabin 2006): upon seeing context 𝑐, the consumer retrieves the 

average price seen in this context 𝔼c(𝑝|𝑐4), which coincides with the rationally expected price when either 

the consumer’s database has converged to the true distribution, or when he is learning.   As Figure 2 

illustrates, relative to the downtown context, the price norm at the airport is shifted upwards to reflect the 

higher expectation 𝔼c(𝑝|𝑐4). This implies that a price 𝑝^ ≫ 𝑝 is no longer surprising at the airport. 

Even though selective retrieval goes in the right direction, it does not reflect optimal use of the 

consumer’s information. First, the consumer is not cued only by context, but also by the good itself. As a 

result, his norm in Equation (7) is still anchored on his experiences 𝑝, reflecting the backward looking nature 

of norms.  Second, and crucially, if price 𝑝4 is also a cue, then it also shapes retrieval, reminding the consumer 

of prices similar to itself, as in Equation (8). This helps the consumer adapt to the realized price, as illustrated 

by the bold green line in Figure 2, but causes a further departure from the rationally expected price 𝔼c(𝑝|𝑐4).  

Finally, adjustment to current context 𝔼c(𝑝|𝑐4) is greater when experienced contextual variability 𝛾> is high, 

and adjustment to current price 𝑝4 is greater when experienced price variability 𝜋> is high.  This is because 

greater variability of context or price cues facilitate interference with the retrieval of more frequent 

experiences in memory, captured by 𝑝. 



   
 

13 
 

 

Figure 2. The figure plots the norm 𝑝# as a function of observed price 𝑝 and where 𝑐i_j#4_j#, 𝑐^kl?_l4 (in bold and 
dotted green, respectively) identify different values of 𝑐 ∈ ℝ when context is correlated with price (Equation 8). 

 

As we show in Section 4, ours is a theory of reference-dependent choice in which memory based 

norms shape valuation similarly to reference points. We have already noted that memory based norms 

capture elements of backward looking reference points such as Kahneman and Tversky’s (1979) “status quo” 

and DellaVigna et al.’s (2017) mechanically adaptive reference points, via the average past price 𝑝 in Equation 

(8). But these norms also capture forward looking elements similar to Koszegi and Rabin’s (2006) rational 

expectations references through the conditional objective expectations 𝔼c(𝑝|𝑐4). Unification through 

memory yields new predictions on when backward or forward-looking elements should dominate. In 

situations where prices are stable, the database is populated by a few very frequent experiences.  Memory-

based norms are then strongly anchored to these experiences, and behave like backward looking reference 

points. Even if the traveler who is at the airport for the first time is told that prices at the airport are high – 

so that under rational expectations his reference price would immediately and fully adjust – he still retrieves 

his modal experiences with low prices downtown. In Equation (8), this occurs when 𝜋> and 𝛾> are low, so 

that the price norm is strongly shaped by past experience 𝑝.   

On the other hand, as the consumer’s experience with different prices in different contexts grows, 

norms become flexible in a forward looking way, getting closer to rationally expected reference points.  After 

many airport experiences, the traveler’s memory database becomes populated with high prices there. When 
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cued by high prices at the airport, recall of these experiences interferes with recall of low downtown prices, 

causing the norm to adjust upward. In Equation (8), this is captured by high 𝜋> and 𝛾>, which cause the norm 

to be barely influenced by past experience 𝑝. Unlike with mechanically adaptive expectations, the norm is 

not updated globally: there is a norm for the airport and a norm for downtown, and both are driven by 

contextual similarity and selective recall. 

In addition, memory based norms respond to irrelevant cues.  Observing the current prices brings to 

mind similar past experiences, so the norm adjusts to this cue (Equation 8).  This “ex post” adaptation of 

norms does not occur in other models.  Second, even priming irrelevant context 𝑐4 can change the norm and 

choice. In Thaler’s (1985) experiment, reminding a beachgoer that the beer comes from a resort is an 

information-irrelevant contextual cue that triggers recall of high prices, raising the willingness to pay.  

Recency effects are another example of irrelevant contextual similarity. Recent prices or wages easily come 

to mind since recent experiences are close to the current one on the time dimension, and influence judgment 

even if they are normatively irrelevant (DellaVigna et al. 2017).7 

We next investigate the link between memory and choice in two settings. In Section 3 we consider 

pure anchoring, which occurs when the consumer does not observe hedonic attributes, so norms fully shape 

valuation.  In Section 4 the consumer observes hedonic attributes, so valuation is anchored to norms, but 

also adjusts to surprise relative to norms.  

  

3. Memory and Choice I: Anchoring  

A large body of work documents systematic biases in the assessment of the future quality or price of 

a good. The good’s attributes are not observed, so valuation is distorted due to misleading mental 

representations, perhaps caused by selective memory. Work on the attribution bias (e.g., Haggag et al. 2018) 

or on experience effects (e.g., Malmendier and Nagel 2011) shows that the evaluation of the future benefits 

                                                           
7 As in many memory models, this effect can be easily captured in our model by including calendar time as a dimension 
of context, or by formalizing contextual drift (Kahana 2012). That is, assuming that context at 𝑡 is the combination 𝛼𝑐4 +
(1 − 𝛼)𝑐4o8 with 𝛼 < 1. Mullainathan (2002) offers an early discussion of recency effects in economics. 
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of, say, a stock investment is unduly influenced by the past personal experiences with it.  Work on the 

projection bias (e.g., Conlin et al. 2007) shows that the assessment of the value of warm sweaters increases 

under normatively irrelevant current conditions, such as cold days. Finally, work on shrouded attributes (e.g., 

Gabaix and Laibson 2004) or inattention (e.g., Chetty et al. 2009) shows that, when valuing goods, consumers 

neglect important attributes not immediately available to them.  

These phenomena can be unified in the case of our model when all or some of the hedonic attributes 

of the good are not observed. Specifically, selective memory creates two sources of bias. First, because norms 

are based on past experiences, a biased database creates a biased valuation. Second, because recall is 

associative, norms are tilted towards past experiences most similar to the cue (even a spurious cue), and 

neglect experiences that are less similar to the cue due to interference. In our model, valuation biases are 

individual-specific, because personal experiences shape both the database and the reaction to cues.    

To see these effects, suppose to begin that neither the quality nor the price of a good is observed. 

The only cue available to the consumer is the choice context itself, namely 𝜅4 = 𝑐4. In this case, valuation is 

pinned down by the norm and decision value is 𝑞#(𝑐4) − 𝑝#(𝑐4). Consider the simplest case in which only 

quality is uncertain, such as when a consumer assesses the utility of buying a warm sweater, or of the returns 

on a stock investment.  The assessed quality is then the cued norm which, from Equation (7), is given by: 

𝑞#(𝑐4) =
𝑞 + 2𝛿𝛾>𝔼c(𝑞|𝑐4)

1 + 2𝛿𝛾> .																																																																				(9) 

There are three determinants of quality evaluation: 

1. Past experience: higher average experienced quality 𝑞 increases the good’s estimated quality. 

2. Cued context: exposure to a context 𝑐4 associated to higher average quality 𝔼c(𝑞|𝑐4) increases 

the estimated future quality of the good. 

3. Variability of experiences: higher variability of experiences 𝛾> (or stronger interference 𝛿) 

increases the malleability of quality valuation to a contextual cue 𝑐4. 

We next describe how these determinants account for and unify the effects documented in previous work.    
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3.1 Biased Database, and the Attribution Bias 

According to “attribution bias”, the valuation of a good to be consumed in the future is unduly 

influenced by the context of past experiences with it. For instance, consumers expect higher utility from going 

to an amusement park if during a past visit to the park the weather was good (Haggag et al. 2018).  In our 

model, the attribution bias reflects a biased database of past experiences, the first term in the numerator of 

equation (9).  When assessing the value of going to the amusement park, a consumer retrieves his own past 

experience from a database 𝐹(𝑞).  If consumer 𝑖 experienced better weather at this amusement park than 

consumer j, then his memory-based valuation is higher, 𝑞k > 𝑞t because i’s experiences are disproportionally 

formed in good weather contexts when the valuation is higher. Even if consumers know in principle that 

weather affects the enjoyment of the amusement park, memories are retrieved at “face value” because of 

the spontaneous association between the park and the pleasure of a past visit.  

Several other findings are consistent with an impact of selected databases on judgments.  Several 

papers document that individuals’ assessments of expected inflation are based on the goods they buy 

frequently (Georganas, Healy and Li 2014, Cavallo, Cruces, Perez-Truglia 2017), and their expectations about 

aggregate outcomes such as home prices or unemployment are based on their own recent experiences 

(Kuchler and Zafar 2019).  When cued to recall price changes, subjects retrieve the average experienced price 

change which is tilted towards the most frequently bought goods.  As illustrated in Equation (9), frequent 

experiences dominate judgments unless the cue has a strong similarity with other experiences.  

Another piece of evidence comes from the experience effects documented by Malmendier and Nagel 

(2011): individuals who have experienced low stock market returns are less willing to take financial risk, and 

report worse returns expectations, than individuals who have experienced higher stock market returns (see 

also Malmendier and Nagel 2016). This finding runs counter to the idea that individuals form rational 

expectations of future returns using all publicly available data. Equation (9) goes some way toward 

accounting for this effect: if an investor 𝑖 has had better stock market experiences than 𝑗, namely 𝑞k > 𝑞t, 

he will also expect a higher stock valuation today.  However, our current model does not fully explain this 
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phenomenon. In particular, it cannot explain why a few disastrous experiences exert such a strong effect 

despite the many more numerous experiences of good stock returns. Wachter and Kahana (2019) build a 

more complete theory of experience effects by allowing for stronger encoding of experiences that are more 

extreme or that occur earlier in life. For simplicity we abstract from these effects here. 

 

3.2 Cued Context and the Projection Bias 

Conlin et al (2007) show that catalog orders of conventional cold-weather items spike in very cold 

days, and items ordered in such days are more likely to be returned.  Simonsohn (2010) shows that students 

are more likely to choose to attend colleges they visit on days with good weather.  Busse et al. (2015) show 

that consumers are more likely to buy a convertible car if the weather is sunnier on the day they test-drive 

it, even if they have already owned a convertible in the past. Chang et al. (2016) find that on days in which 

air pollution is high, there is a spike in the purchases of health insurance in China, but consumers 

subsequently cancel their contracts if air quality improves. In these findings, consumers appear to unduly 

weigh current conditions when estimating future benefits, and remarkably they do so even in cases where 

they have sufficient experience to know the value of the good under different conditions.   

Selective retrieval yields the second term in the numerator of equation (9).  Upon seeing an extreme 

context 𝑐4, say cold weather, memory retrieves an extreme prediction 𝔼c(𝑞|𝑐4) of the utility of a warm 

sweater, which raises valuation.8 In principle, the consumer has enough experience to form a stable and 

accurate valuation of clothes by retrieving warm days also. However, he does not access it because recall of 

the experience of cold weather interferes with recall of the experience of warm weather.  Of course, when 

the weather improves, the consumer retrieves a lower predicted utility 𝔼c(𝑞|𝑐4), potentially causing him to 

regret the prior choice and return the sweater.    

                                                           
8 A related phenomenon is the anchoring heuristic (Tversky and Kahneman 1973), whereby judgments of unfamiliar 
quantities can be tilted towards irrelevant anchors.  As an element of context, an anchor may act as a cue that retrieves 
target instances of similar magnitude. This may also help explain why an anchor whose magnitude is unreasonable for 
the target question does not increase the effect on judgment (Mussweiler and Strack 2001). 
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In this account, the projection bias reflects a valuation focused on specific contingencies selected via 

similarity-based recall. Factors influencing the availability of certain thoughts and the strength of interference 

should then modulate the projection bias.  Defining the projection bias from current context 𝑐4 as the 

difference between the valuation in Equation (9) and the average memory-based norm 𝑞, we have: 

Corollary 2 The average change in valuation caused by observing 𝑐4 is given by: 

𝑞#(𝑐4) − 𝑞 =
2𝛿𝛾>

1 + 2𝛿𝛾>
[𝔼c(𝑞|𝑐4) − 𝑞] =

2𝛿𝛾>

1 + 2𝛿𝛾> 𝜌
(𝑐4 − 𝑐). 

This implies, ceteris paribus, that: i) the magnitude of the projection bias from observing a high cue 𝑐4 is lower 

for consumers who have experienced high average context 𝑐, and ii) projection is more sensitive to the cue 

for consumers who have experienced higher contextual variability 𝛾>. 

Prediction i) addresses availability: when test driving a convertible on a sunny day, consumers coming 

from cold regions (and hence having a low 𝑐) should ceteris paribus increase their valuation of the car more 

than consumers coming from warm regions. This is because for the former consumers more cold weather 

experiences come to mind, so cueing them with sunny weather changes their assessments more. As Busse 

et al (2015) find, Miami residents do not rush to buy convertibles on a sunny day in the same way as Chicago 

residents.  Prediction ii) instead relies on interference.  The projection bias is higher for consumers who have 

experienced stronger variability 𝛾> in climatic conditions.  Again, warm weather cues a resident in Chicago 

to recall many such experiences, and interferes with recall of cold winter days.  This may explain why sales 

of convertibles in Chicago go up significantly on surprisingly warm days, even in November (Busse et al 2015).9 

The typical November cue is bad weather, so an occasional good weather cue sparks the retrieval of good 

weather experiences, boosting the valuation of a convertible car.      

Loewenstein et al. (2003) model the projection bias not as one in the representation of future 

contingencies but rather as mis-predicted preferences in the form of a perceived excess persistence of tastes. 

                                                           
9 These examples recall Schacter’s (2007) observation that imagining the future is fundamentally similar to recalling the 
past: “a crucial function of memory is to make information available for the simulation of future events” (p. 659). 
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Formally, they postulate that in current state 𝑐 the projected utility 𝑞 of the good in a future state 𝑐’ is given 

by 𝑞(𝑐w|𝑐) = (1 − 𝛼)𝑞(𝑐w) + 𝛼𝑞(𝑐), where 𝛼 > 0 captures excess persistence in current preferences. Given 

that the future weather 𝑐w is not known, the consumer computes the expected projected utility as: 

𝔼[𝑞(𝑐w|𝑐)] = (1 − 𝛼)𝔼[𝑞(𝑐w)] + 𝛼𝑞(𝑐). 

Unlike our model, this approach allows no role for the memory database: the estimated value of the 

good is mechanically anchored to the current quality 𝑞(𝑐) while in our model it is anchored to past personal 

experiences which cue reminds the consumer of, including the average past experience 𝑞 (Corollary 2).  In 

addition, the mapping from current tastes and future utility is not mediated by a fixed parameter 𝛼, but 

rather depends on personal experiences. Our mechanism can thus explain the differentially strong effect of 

weather in Chicago relative to Miami. More broadly, mis-predicting preferences is fundamentally different 

from selectively retrieving contingencies.10 Memory implies that the representation of future events 

responds to cues over and above the current personal utility state.  Our model would thus predict that 

reminding the Chicagoan who is considering buying a convertible on a sunny November day that winter is 

coming may well cause him to pass.  Chang et al’s (2018) evidence on demand for insurance responding to 

current air pollution can be seen through this perspective as well.  Relatedly, news about natural disasters – 

for example, floods in Florida – increase demand for insurance against such hazards (Slovic, Kunreuther, 

White 1974, Gallagher 2014) even when such news carry little new information. Instead, they may act as 

reminders of contingencies that were previously not top of mind.11   

Growing experimental evidence shows that, in line with our model, judgments about the future are 

shaped by cues – including contextual cues -- that evoke past experiences.  Bornstein et al (2017 a,b) find 

that choices among risky alternatives can be altered by showing subjects images that co-occurred with 

payoffs in the past, even if these images are totally uninformative.  The magnitude of the effect is large: when 

                                                           
10 Our model connects the attribution and projection biases. In particular, cues can be used to strengthen projection at 
the expense of attribution. For instance a consumer who visited an amusement park with good weather will moderate 
his valuation of the park if cued with “bad weather”. 

11 This mechanism seems to also be at the heart of advertising:  ads for cars prominently show beautiful mountain roads, 
when instead most driving is commuting in traffic.  These advertising strategies make sense with interference but are 
harder to explain with persistence of current utility.  See Section 3.4 for further discussion. 
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the options’ payoff probabilities are slowly varying, cueing one option with an image that co-occurred with a 

payoff earlier increases the probability of choosing that option to the same extent as if the same option had 

awarded a payoff in the previous round.  The authors argue that the subjects’ behavior is consistent with a 

cued recall mechanism: whether the subjects’ respond to the cue is commensurate with the reinstatement 

in the brain’s visual areas of patterns associated with the cue.  Enke, Schwerter and Zimmerman (2019) 

provide more direct evidence for how selective retrieval shapes valuation by explicitly associating certain 

images with good news, and other images with bad news, about a hypothetical asset, which must 

subsequently be retrieved.  When assessing the cumulative news about the asset, subjects overreact to good 

news associated with images that co-occurred with past good news, but underreact if the images co-occurred 

with bad news, in line with the idea that context (an image) cues recall of past news associated with it.  This 

evidence strongly supports the mechanism in Equation (9) and opens the way to the experimental 

exploration of how memory shapes valuation.   

 

3.3 Biased Database and Cued Context: Inattention and Shrouding 

A large literature highlights consumer inattention to shrouded product attributes (Gabaix and 

Laibson 2004). Chetty, Looney and Kraft (2009) find that displaying full prices, inclusive of sales taxes, in 

supermarket aisles reduces demand, even though consumers correctly recall sales taxes across a range of 

products when asked directly about them.  Our model sheds light on these phenomena because it 

endogeneizes which pieces of information fail to come to mind, and when this neglect persists despite 

experience, as in the case of add-on fees or taxes. Such inattention arises in our model due to a combination 

of the two forces described in the previous two subsections, selected database and misleading cues, as 

captured by the two terms in the numerator of equation (9).  

The findings of Chetty, Looney and Kraft (2009) can be accounted for by the two mechanisms of 

selective memory: i) the price database of consumers is flooded with prices observed many times in the aisles 

(which do not include the tax) and ii) when thinking of whether to buy a product, the aisle location and price 
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cue retrieval of similar prices experienced in the same context.  According to Equation (8) the total normal 

cost 𝑝#(𝑐4, 𝑝4) retrieved in the context 𝑐4 = 𝑎𝑖𝑠𝑙𝑒 when the price 𝑝4 is observed is given by:  

𝑝#(𝑎𝑖𝑠𝑙𝑒, 𝑝4) =
𝑝 + 2𝛿𝛾>𝔼c(𝑝|𝑎𝑖𝑠𝑙𝑒) + [2𝛿𝜋> + 4𝛿>𝛾>𝜋>(1 − 𝜌>)]𝑝4

1 + 2𝛿𝛾> + [2𝛿𝜋> + 4𝛿>𝛾>𝜋>(1 − 𝜌>)] . 

Here 𝑝 is the average experienced price of the good, which includes experiences of seeing pre-tax 

prices on the aisles of different shops, and the arguably less numerous experiences of tax inclusive prices at 

the counter when checking the receipt. Clearly, the database 𝑝 insufficiently accounts for the tax in part 

because sales taxes at the counter are not visibly associated with the specific good. But there are two other 

sources of tax neglect.  First, the current price 𝑝4 seen on the aisle cues recall of similar prices. Second, and 

crucially, the aisle context also retrieves an average aisle price 𝔼c(𝑝|𝑎𝑖𝑠𝑙𝑒), which also does not include the 

tax. We don’t normally see taxes in the aisle, and so don’t think about them (just like we don’t think about 

tax and tip when picking dishes from a restaurant menu). These forces, which create neglect of invisible sales 

taxes, are ultimately due to the contextual dissociation between the price seen in the aisle and the full price 

at the counter. This dissociation biases the database and hinders recall of taxes in the aisle context.  

In our model, consumers neglect sales taxes because the good itself is not a strong enough cue for 

them.  This perspective implies that attributes like fees are likely to be neglected when buying and paying 

are stored as separate experiences in memory.  Some papers show that payment methods that decouple 

buying and paying prevent accurate recall of prices at the moment of purchase (Finkelstein 2009, Soman and 

Gourville, 2001, Chatterjee and Rose 2011), even though consumers may actually know the correct prices.  

Neglect of attributes may be less persistent when the purchase decision cues recall of hidden fees. To take 

Gabaix and Laibson’s (2004) running example, a first time buyer of a printer may forget about the cost of 

replacing the cartridge. We expect, however, that a second time buyer would be much less likely to do so. 

The painful experience of overpaying for replacing the cartridge is now directly associated with the good, 

facilitating recall. This mechanism is also consistent with the bill shock on hidden fees such as overage charges 

in telephone usage (Grubb and Osborne 2015). 
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3.4 Reminders, aka “Cueing Selective Retrieval”  

Reminders and information provision improve decisions in many settings, including savings, loan 

repayments, medication adherence and gym attendance (Karlan et al. 2016, Cadena and Schoar 2011, 

Bobrow et al. 2016, Calzolari and Nardotto 2019).  In the rational approach, reminders close the gap between 

a forgetful, biased assessment and the rational representation.  But, in contrast to this view, evidence on the 

efficiency of reminders is mixed. Our model offers a different way to think about this problem, sheds light on 

some puzzling evidence, and offers new predictions.  

The fundamental implication of equation (9) is that successful reminders should identify contexts 

that selectively retrieve desirable qualities of the choice, i.e., the situations in which the choice is most 

valuable. To illustrate, consider advertising.  Many advertising campaigns cue context 𝑐4 rather than quality 

per se.  For beer, Budweiser ads cue friendship, Corona ads cue young people partying on a beach.  These 

ads evoke a context 𝑐4 in which the valuation of the given beer is maximized.  

The impact of such reminders is stronger than that for rational consumers. For the latter, the 

reminder brings to mind the average value of the action.  In our model, on the other hand, the selective 

reminder interferes with recall of less desirable experiences, in line with the memory-jamming view of 

advertising in Shapiro (2006).12  In the case of Budweiser, the recall of pleasurable experiences with friends 

interferes with recall of other conditions, such as getting drunk and throwing up at a party, leading to a higher 

quality norm.  In the case of Corona, the ads evoke fun and sex, rather than the taste, presumably also helping 

the norm.  In a fully rational model of advertising providing information, triggering selective recall would not 

be an effective strategy.   

This logic has the obvious implication that ads should cater to their audiences: the Budweiser drinker 

presumably associates beer more strongly with lasting friendship than with beach parties.  But this logic goes 

further: because the effect of a reminder depends on what memories it brings to mind, it can generate very 

                                                           
12 As Shapiro (2006) shows, this view helps explain several stylized facts about advertising, such as the fact that highly 
familiar brands continue to advertise and that advertising intensity often grows as brands mature. 
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different responses in people with different experiences.  At the extreme, in our model of selective recall, 

exposure to information can make people diverge in their norms and assessments.   Suppose consumers 𝑖 

and 𝑗 are identical in all respects except that 𝑖 has experienced more beach parties than 𝑗. Assuming that 

such experiences are enjoyable, consumer 𝑖 values beer on average more than consumer 𝑗.  Cueing these 

consumers with a Corona ad, then, boosts valuation of beer by bringing beach experiences to mind.  But for 

consumer 𝑖, the impact of the cue is disproportionately larger: not only does he have more numerous 

experiences that are similar but these interfere with other memories.  As a result, i’s and j’s valuations of the 

beer after the ad are more different than before. In this sense, the ad “works” for consumer 𝑖 but less so for 

consumer 𝑗.13  Memory-based norms thus generate interesting implications for when disagreement arises 

and how it persists, which we leave for future work. 

 

4 Memory and Choice II: Adjustment 

Many choice puzzles involve the valuation of given attributes (𝑞, 𝑝). Even when the consumer 

receives all the normatively relevant information, memory may still affect valuation.  In the background 

contrast experiments (Simonson and Tversky 1992), for example, subjects are more likely to buy a good if 

they have experienced the same good with a higher price at a prior stage.  We can address such evidence by 

analyzing how memory affects valuation of observed price and quality according to Equation (1). 

In this case, the decision value of the observed price and quality depends on two forces. First, the 

retrieval of similar past prices and qualities anchors valuation to a norm. This mechanism creates a form of 

inattention in valuation and rigidity in choice. Second, heightened attention to price and quality that are 

surprising relative to the memory-based norms creates excess sensitivity of valuation and contrast effects in 

                                                           
13 Applying this logic to the case of experience effects (Malmendier and Nagel 2011), the same low stock return may 
especially depress the stock valuation of an investor who had worse experiences than another. In this instance, the two 
consumers respond in the same direction but with different strengths. It is possible, however, that the memory 
databases of different consumers differ in ways that cause them to react in opposite directions to the same cue.  One 
such possibility arises when cued context exhibits positive correlation 𝜌 for one consumer and negative correlation for 
another. For instance, priming public spending might induce a rightwing voter to think about misuse of public funds and 
a leftwing voter to think about poverty alleviation, enhancing their disagreement over taxes. 
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choice, accounting for the Simonson and Tversky (1992) experiments.  As before, memory unifies different 

findings and yields new predictions.      

Consider a consumer observing hedonic attributes, 𝜅4 = (𝑞4, 𝑝4, 𝑐4).  This cue triggers retrieval of 

price and quality norms 𝑝#(𝜅4) and 𝑞#(𝜅4). Valuation is anchored to these norms, but also adjusts to the 

surprises 𝑞4 − 𝑞#(𝜅4) and 𝑝4 − 𝑝#(𝜅4) as in Equation (1). We now define this process more precisely.     

Definition 3.  Given a cue 𝜅4 = (𝑞4, 𝑝4, 𝑐4), the decision utility from good (𝑞4, 𝑝4) is given by: 

𝑞#(𝜅4) − 𝑝#(𝜅4) + 𝜎9𝑞4, 𝑞#(𝜅4)= ∙ [𝑞4 − 𝑞#(𝜅4)] − 𝜎9𝑝4, 𝑝#(𝜅4)= ∙ [𝑝4 − 𝑝#(𝜅4)].										(10) 

The first two terms describe as before the decision utility given by the norm; the last two terms 

describe the adjustment from the surprising price and quality. This adjustment is guided by the Weber-

Fechner law of perception. We assume, as in Bordalo et al. (2012, 2013), that salience 𝜎(𝑥, 𝑦) ≥ 0	increases 

in the proportional difference between the attribute and its norm. Specifically, 𝜎(𝑥, 𝑦) ≥ 0 is symmetric, 

homogeneous of degree zero, and increasing in 𝑥/𝑦 for 𝑥 ≥ 𝑦 > 0.  When the surprise is small, little 

attention is paid to it, and here we assume 𝜎(𝑦, 𝑦) = 0. When the surprise is large, attention is directed 

toward it, but we bound this effect by assuming that  lim
B/�→F�

𝜎(𝑥/𝑦, 1) = 𝜎 > 1.14   

 Equation (10) introduces two changes in the specification of salience relative to our prior work.  First, 

salience weights are attached to deviations from the norm, not to attribute levels themselves as in Bordalo 

et al. (2013). Despite this change, the key properties of our original model are preserved.15 Second, in Bordalo 

et al. (2013) attention is drawn to attributes as a function of their relative salience, so attention to price 

directly reduces attention to quality.  This externality plays no role here.  

                                                           
14 Koszegi and Szeidl (2013) and Bushong, Rabin and Schwartzstein (2017) explore how attention is allocated as a 
response to choice data. They focus on the role of the range of attributes, and in particular on whether larger ranges 
attract or dampen attention. Endogenizing memory-based norms suggests both intuitions are valid: while extreme price 
realizations unambiguously attract attention (as in the water at the airport example), experiencing a greater variance 
of prices facilitates the decision-maker’s adaptation to any price, and dampens overreaction.  
15 In the current formulation, 𝐷𝑉 in equation (11) is monotonic in price, so that a salient low price always increases 
valuation. In Bordalo et al. (2013), by contrast, price salience reduces valuation of all goods, but reduces it more for 
more expensive goods. This distinction is not critical for Salience Theory, but monotonicity is intuitive. 



   
 

25 
 

To highlight the main features of Equation (10), and to simplify the analysis, we focus on the case in 

which quality is deterministic. Equation (10) becomes: 

𝑞 − 𝑝# − 𝜎(𝑝4, 𝑝#) ∙ (𝑝4 − 𝑝#), 

where the key object is (the negative of) the decision value of the current price 𝑝4 based on a norm 𝑝#:                

𝐷𝑉(𝑝4, 𝑝#) ≡ 𝑝# + 𝜎(𝑝4, 𝑝#) ∙ (𝑝4 − 𝑝#).																																																							(11) 

Two key properties distinguish Equation (11) from Prospect Theory, the leading model of reference-

dependent preferences, and generate new predictions.  First, Equation (11) implies that DV is sometimes 

anchored to the norm 𝑝#, and not always contrasted away from it as implied by Prospect Theory. To see this, 

consider the effect of changing the norm on DV: 

𝜕𝐷𝑉(𝑝4, 𝑝#)
𝜕𝑝# = 1 +

𝜕𝜎(𝑝4, 𝑝#)
𝜕𝑝# ∙ (𝑝4 − 𝑝#) − 𝜎(𝑝4, 𝑝#).																																							(12) 

Because of anchoring, raising the norm increases DV (the first term). Because of adjustment, raising 

the norm makes 𝑝4 look surprisingly low, reducing DV (the second and third terms). In reference dependent 

models, only the latter effect is present.16 In our model, instead, anchoring dominates the standard 

adjustment effect when the current price is close to the norm 𝑝4 ≈ 𝑝#, while it subsides when the surprise 

|𝑝4 − 𝑝#| is large. Psychologists call the first case assimilation, and the second case contrast. Our model, 

unlike Prospect Theory, captures both.  

The second key difference with Prospect Theory is that in our model valuation is altered by irrelevant 

cues, such as the cued, and potentially irrelevant, context 𝑐4. Because the effects of cues depend on past 

experiences, assimilation and contrast depend on the memory databases of different consumers.  

  

4.1 Memory-Based Decision Value 

                                                           
16 Formally, in KT, the valuation of 𝑝4 is 𝑣(𝑝4 − 𝑝#), where 𝑣(. ) is an increasing gain-loss utility. In KR, the valuation of 
𝑝4 is 𝑝4 + 𝑣(𝑝4 − 𝑝#), where again 𝑣(. ) is increasing. In both cases, price valuation falls in the reference 𝑝#.  
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To study the interaction between memory and attention, consider the decision value of a given price 

𝑝4 in context 𝑐4. The price-context stimulus (𝑝4, 𝑐4) cues retrieval of a norm 𝑝#(𝑝4, 𝑐4) that leads to DV: 

𝐷𝑉9𝑝4, 𝑝#(𝑝4, 𝑐4)= = 𝑝#(𝑝4, 𝑐4) + 𝜎9𝑝4, 𝑝#(𝑝4, 𝑐4)=[𝑝4 − 𝑝#(𝑝4, 𝑐4)].																									(13) 

This expression generalizes the case in which only the price acts as a cue (𝜌 = 0) discussed in 

Proposition 1. We can characterize the DV function in Equation (13) as follows. 

Proposition 3. Suppose that the database 𝐹(𝑝, 𝑐) is Gaussian and the similarity function is given by Equation 

(3). Suppose further that the salience function exhibits increasing concavity, in the sense that 2𝜎w(𝑥, 1) +

𝜎ww(𝑥, 1)(𝑥 − 1) is monotonically decreasing for 𝑥 > 1 and negative at 𝑥 = lim
?�→F�

?�
?�(?�,��)

.  Then for any 

context 𝑐4 such that 𝑝#(𝑝, 𝑐4) > 0, there exist two price thresholds 𝑝�, 𝑝� satisfying 0 < 𝑝� < 𝑝#(𝑝, 𝑐4) <

𝑝� such that {𝑝�, 𝑝#(𝑝, 𝑐4), 𝑝�} are the inflection points of 𝐷𝑉, and coincide with its crossing points.  

 

Figure 3. The figure plots the decision value, 𝑝# + 𝜎(𝑝4, 𝑝#)(𝑝4 − 𝑝#) (in blue) and the norm 𝑝# (in green) as a function 
of observed price 𝑝4 when the database is Gaussian and context is uncorrelated with price (Equation 6).  The salience 

function is of the form 𝜎(𝑥, 1) = 𝜎 ���
�

8F����
− 𝜎� for 𝑥 ≥ 1, where 𝜎 > 1 + 𝜎�, 𝜃 > 0 and 𝜎(1,1) = 0. The rational 

benchmark 𝑝4 is shown in black. 
 

The blue curve plots the 𝐷𝑉 of price while the green line plots the price norm conditional on 𝑝4. 

When the current price 𝑝4 is close to 𝑝#(𝑝̅, 𝑐4), the norm is accurate. The small discrepancy between 𝑝4 and 

the norm does not attract the consumer’s attention, so 𝐷𝑉 is assimilated to the norm. Here 𝐷𝑉 is shifted 

toward the norm, the flat curve 𝑝#(𝑝4, 𝑐4), so the consumer’s price sensitivity is dampened relative to the 
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rational case. The seasoned traveler seeing a $4 bottle of water at the airport recalls similar airport prices 

and buys as in the past, paying little attention to small price differences from his past airport experiences.  

For prices far enough from the average, the surprise relative to the retrieved norm is large and 

salient. The consumer pays a lot of attention to it and valuation now is contrasted away from the norm.  The 

consumer’s price sensitivity is steeper than the 45_ line, so it is now enhanced relative to the rational case. 

The inexperienced traveler seeing the same $4 bottle of water perceives it as exorbitantly expensive relative 

to his normal $1 price. He focuses on the high price and refuses to buy.  As prices get extremely high or low, 

diminishing sensitivity of salience prevails, so valuation flattens again.  

The 𝐷𝑉 in Figure 3, and more generally Equation (1), can be interpreted as reflecting the use of 

mental categories. The norm is the exemplar of the category of normal bottled water. If the current stimulus 

(𝑞, 𝑝) falls within the normal range, it is assimilated to the category norm, as in models where category 

members are assimilated toward the category exemplar (Mullainathan 2000, Fryer and Jackson 2008). If 

instead the current stimulus is far from the normal category, it is placed in the “cheap” or “expensive” 

category, and its valuation is shaped by contrast relative to the norm.  We can thus view the price thresholds 

𝑝� and 𝑝� as determining the cheap, expensive, and normal price categories, so that price sensitivity is 

highest at category boundaries, consistent with the evidence on categorization (Goldstone 1994).17 

The possibility of assimilation implies that DV in Figure 3 differs markedly from the value function in 

Prospect Theory, in which price sensitivity is highest around the reference price boosted by loss aversion for 

prices above the reference level. One way to reconcile the intuitions of Prospect Theory and our model is to 

note that in Prospect Theory gains and losses belong to sharply different categories, consistent with price 

sensitivity being the highest at the category boundary.  

Our approach also differs from models of efficient coding (e.g. Wei and Stocker 2015, Woodford 

2012, Polania, Woodford and Ruff 2019, Frydman and Jin 2018), in which sensitivity to a stimulus is highest 

                                                           
17 Increasing concavity of the salience function ensures that the valuation function has exactly three inflection points.  
But the fact that price valuation increases in 𝑝4 as well as the ranges of assimilation and contrast identified by the 
thresholds 𝑝� and 𝑝� continue to hold if this regularity condition is relaxed.  
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around its modal level. In our model price sensitivity is lowest at the modal price. This is due to the fact that 

in our model attention is allocated ex-post, not ex-ante.  At the modal price, the norm is accurate, price 

surprise |𝑝4 − 𝑝#| is small, and so attention is disengaged, causing the price sensitivity to be low.  When the 

observed price is sufficiently surprising, |𝑝4 − 𝑝#| is large enough, attention is engaged and price sensitivity 

is high (and then monotonically declines due to diminishing sensitivity of salience).18  This role of attention is 

consistent with evidence from psychology.  When experimental subjects are primed to compare stimuli, or 

when the experimental procedure encourages them to do so, contrast is more likely to dominate (Cunha and 

Shulman 2011). In our model, treatments that focus subjects on comparison of stimuli can be interpreted as 

an exogenous shock increasing attention 𝜎(𝑝4, 𝑝#) to any given difference.   

Evidence from marketing is consistent with the predictions of our model. Individual consumers 

appear insensitive to small price changes relative to their reference price (Monroe 1973). Studies of 

aggregate demand across dozens of retail product categories and different retailers suggest that demand is 

rigid around normal prices while it is more elastic for larger price changes in either direction (e.g. Casado and 

Ferrer, 2013, Cheng and Monroe 2013).  Our model offers a possible account of these findings. Small price 

changes within the “normal range” are not attended to, but large changes are, perhaps too much so. The 

contrast effect of Prospect Theory could not account for such insensitivity. Real rigidities stemming from 

rational (Sims 2003) or sparse (Gabaix 2014) inattention, or adjustment costs, may explain this evidence. 

However, these mechanisms cannot account for over-reaction to large price changes. 

In economics, several studies show that households do not react to changes in the price of their 

health plans, which are typically small (Chandra, Handel and Schwartzstein 2019). In retail markets, 

Nakamura and Steinsson (2008) find that firms often implement small price increases (against the logic of 

menu cost models), but also hold large temporary sales. Ortmeyer et al (1991) show that the majority of 

revenue of large department stores come from occasional deep discounts, which is difficult to account for 

                                                           
18 Valuation is steepest around the modal price when prices are highly stable, i.e., 𝜋> is very small. In this special case, 
our model approximates the Prospect Theory value function with a norm equivalent to the “status quo” price. 
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within a price discrimination framework. These pricing policies may be optimal when, as in Figure 3, 

households are inattentive to small deviations from the reference and over-react to large price drops.19   

Our model yields several predictions for the intermediate range of assimilation.   

Proposition 4. Consider the intermediate price range (𝑝�, 𝑝�) of Proposition 3 in which valuation is 

assimilated toward the norm. Our model yields the following comparative statics. 

1) The range (𝑝�, 𝑝�) moves up and expands for a consumer who has experienced higher prices, formally 

�?�
�?

> 0, �?�
�?

> 0, and �(?�o?�)
�?

> 0, or after he is cued with a context 𝑐4 associated with higher prices.   

2) Higher volatility of prices 𝜋> expands the range (𝑝�, 𝑝�), formally �?�
���

< 0, �?�
���

> 0. 

According to 1), neglect of price changes around the norm occurs to a greater extent at a higher 

experienced price level 𝑝.  This is due to the diminishing sensitivity of salience: an error of $5 is less salient 

compared to a high price norm such as $100 than to a low price norm of $10.  This result is reminiscent of 

Dehaene’s (1997) evidence of Weber’s law in number perception, where the price difference required for a 

given rate of discriminability increases proportionately with the price level.  Several papers in marketing offer 

laboratory and field evidence of a similar phenomenon: the “latitude of acceptance” of a certain price grows 

with the price level (Koschate-Fischer and Wullner 2017).  This idea may provide a psychological foundation 

for the well-documented finding that the price dispersion for a good increases proportionately with its 

average price (Pratt, Wise, and Zeckhauser 1979).   Price dispersion may arise due to imperfect competition, 

as a function of search costs (Pratt, Wise, and Zeckhauser 1979).  Yet both the level of price dispersion, and 

its increase with the price level, are hard to explain based on search costs alone, which are plausibly similar 

across a wide range of price levels. Proposition 4 offers a complementary mechanism: flat valuation around 

                                                           
19 In our memory based approach, recent prices can play the role of reference prices (so that attention is modulated by 
price changes) due to two reasons.  First, because they are similar to current prices, so they are more easily retrieved. 
Second, due to recency effects (i.e. contextual similarity). 
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the normal price amplifies the effect of search costs, and the wider normal range at higher price levels 

accounts for the increase of dispersion with the price level.20   

But the most distinctive predictions of Proposition 4 are due to the associative structure of memory.  

First, a cue that retrieves contexts associated with low prices shrinks the price inattention range. When 

buying a handicraft at a market in a developing country, tourists may bargain hard over amounts that they 

would not even notice when shopping back home. Dissimilarity from a rich country market shuts down recall 

of the traveler’s normal price level at home, in contrast with purely backward looking reference points. Once 

back home, the consumer again adapts to the usual prices. Crucially, and in contrast to rational expectations 

reference points, cues that remind the consumer about low prices in the developing country, jolt him to see 

the usual prices at home as very high. Contextual similarity brings past price norms to mind, switching 

attention to prices on and off.  

Second, and due to a similar mechanism, price volatility also expands the range of inattention in 

response to price cues. Exposure to a higher 𝜋> means the consumer has many instances of each price to 

draw from.  Similarity-based recall then implies that, even when faced with a price away from the mode, he 

recalls past instances of it and views it as normal.  As a result, a given price change is more likely to be 

assimilated to the norm when prices are very volatile.21   

 There is supportive evidence for these predictions.  Niedrich, Sharma and Wedell (2001) show 

subjects price series drawn from different distributions, and then ask them to report the attractiveness of 

the product.  They find that when prices are drawn from a bimodal distribution, subjects are less attracted 

by low prices and less disappointed by high prices relative to subjects trained with less volatile distributions. 

This is consistent with our model: extreme prices look more normal when drawn from a more volatile 

distribution. Once again, this role of the price distribution in shaping the flexibility of the reference is 

                                                           
20 Tversky and Kahneman (1981) also suggested that diminishing sensitivity interact with search costs to explain patterns 
of price discrimination.  In their thought experiments, subjects stated a higher willingness to travel across town to save 
$5 off a $15 calculator than off a $125 jacket, even if they were buying both items (see also Cunningham 2013). 
21 Under rational inattention, greater ex-ante price variability should increase attention to prices. In our model there 
are two conflicting effects. On the one hand, a higher 𝜋> reduces prices sensitivity by fostering more flexible norms.  On 
the other hand, a higher 𝜋> increases price sensitivity by making it more likely that a surprising price is realized. 
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inconsistent with Prospect Theory, in which the price observed ex-post does not affect the reference point. 

Future work may seek a finer test of our model by trying to elicit judgments of price normality.    

The same idea can explain why the efficacy of “strategic sales” is limited if these sales occur too often: 

consumers become adapted, and hence they are not surprised when they see them. Frequent shallow sales 

lower consumers’ “internal reference price” much more dramatically than do infrequent deep sales (Cheng 

and Monroe 2013).   This is consistent with our model: shallow sales are both more frequent and more similar 

to regular prices, and thus may entail assimilation rather than contrast. 

In sum, our anchoring and adjustment mechanism unifies assimilation and contrast effects in a way 

that cannot be obtained under existing reference dependent theories such as Prospect Theory.  The memory 

structure of norms yields testable predictions on when assimilation and contrast should prevail. In particular, 

irrelevant cues about hedonic attributes or context can generate artificial contrast, as we now show in detail.    

 

4.2 Background Contrast Effects 

A conventional analysis of the effect of past experience on choice is related to the phenomenon of 

background contrast.  In background contrast experiments (e.g. Simonson and Tversky 1992) subjects are 

initially presented with goods at either high or low prices.  In a second stage, subjects choose whether to buy 

similar goods at an intermediate price. Exposure to high prices increases purchases in the second stage. The 

reverse occurs after prior exposure to low prices. Such contrast effects have been documented in a number 

of other settings, such as housing choices by movers (Simonsohn and Loewenstein 2006), reaction to earnings 

announcements (Hartzmark and Shue 2018), dating markets (Bhargava and Fisman 2014), and context 

dependent willingness to pay (Thaler 1985, Mazar, Koszegi and Ariely 2014).  And yet our choices in many 

situations are stable, pointing to boundaries for such contrast effects. Our model sheds light on the drivers 

of background contrast effect and yields new predictions on when such effect should subside. 

To map our analysis to existing experimental and field evidence, we hold fixed the price 𝑝4 observed 

by the consumer in the second stage and vary either the database 𝐹(𝑝, 𝑐), or the contextual cue 𝑐4. This 
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corresponds to varying only the price norm in the DV Equation (11).  We saw in Equation (12) that moving 𝑝# 

sufficiently far away from the fixed 𝑝4 generates contrast effects.  Here we ask two specific questions. First, 

under what conditions in the memory database does the contrast effect arise? Second, when does it generate 

overshooting, meaning an exaggeration of the difference between the perceived price and the norm 

(𝑉(𝑝4, 𝑝#) < 𝑝4 < 𝑝# or 𝑉(𝑝4, 𝑝#) > 𝑝4 > 𝑝#)?  Proposition 3 implies the following result. 

Corollary 3. Suppose that the consumer faces a price 𝑝4 below the average price norm 𝑝#(𝑝, 𝑐4). Then  

𝐷𝑉9𝑝4, 𝑝#(𝑝4, 𝑐4)= < 𝑝4 if and only if: 

𝑝4 < 𝑝 ≡ 𝛼𝑝#(𝑝, 𝑐4), 

 where 𝛼 < 1 is a constant that decreases in prior price variability 𝜋>. The case of high prices, 𝑝4 > 𝑝#(𝑝, 𝑐4), 

is symmetric with 𝛼 > 1 that increases in 𝜋>.  

The background contrast effect arises if 𝑝4 is sufficiently low relative to the price norm 𝑝#(𝑝, 𝑐4). If 

𝑝4 is not low enough, it is assimilated toward the higher norm.  Unlike in reference dependent models such 

as Prospect Theory, which always create contrast, in our model contrast only arises under two conditions. 

First, the current price 𝑝4 should be quite different from past experiences: the cue 𝑝4 should be low enough 

relative to 𝑝.  Second, and crucially, context 𝑐4 should induce selective recall of prices that are different from 

the current 𝑝4, creating an artificial surprise. Formally, 𝑐4 should retrieve a high norm 𝑝#(𝑝, 𝑐4). Cueing 

airport prices raises the norm of a downtown shopper, causing him to appreciate the current price of water. 

Contextual cueing illuminates the workings of experimental tests of the background contrast effect. 

These tests feature extreme prices in the first stage, but why should such prices affect the consumer’s norm? 

These experiments typically consider familiar goods, so the few prices seen in the first stage hardly affect the 

historical database 𝑝. Selective memory, and in particular contextual cues 𝑐4, help explain why first stage 

prices affect norms and choice.  The laboratory environment is the same in the first and second stage, and 

the first stage is very recent. By contextual similarity, then, first stage prices are retrieved and interfere with 

recall of the broader database 𝑝, so that they create artificial surprise. Naturally, then, the structure of 

memory offers an additional prediction: if the goods are familiar and have been experienced with high price 
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volatility 𝜋>, the contrast effect should be harder to obtain, since in this case the current price 𝑝4 retrieves 

many instances of paying similar prices in the past, and so it will look less surprising.  

  The idea that background contrast arises only if the current stimulus is far from past experiences is 

echoed in the large psychology literature on contrast versus assimilation effects22. When judging stimuli such 

as length, size, loudness, etc., assimilation of the current stimulus to a cued reference or past experience 

prevails when the discrepancy is moderate while contrast occurs when the discrepancy is large (e.g. Herr, 

Sherman and Fazio 1983).23 Similar findings arise in more abstract judgments, such as anchoring and priming 

experiments.  A fox is judged to be more aggressive when subjects are cued with a wolf, and less aggressive 

when subjects are cued with a tiger, than when judged in isolation (Strack, Bahnik, Mussweiler 2016). Priming 

an extremely hostile person (e.g. Hitler) causes subjects to rate a target person less hostile, while priming a 

moderately hostile person (e.g. Joe Frazier) generates assimilation (Herr 1989). There is also some evidence 

on prices.  Consumers primed with a moderately high car price judge the price of an unknown car brand as 

more expensive, creating assimilation (Herr 1989) while extreme prices promote contrast.  

These effects are closely related to the role of categorization in perception, which suggests that 

perception emphasizes differences in stimuli from different categories, while dampening differences in 

stimuli from the same category. Such effects arise in learned categories about musical pitches, brightness, 

size of anodine objects, etc. (Goldstone 1994).24 The previous experiments suggest that categories may arise 

spontaneously along the presented stimuli, such as size or loudness. In our model, categorization is triggered 

                                                           
22 See Schwarz and Bless (1988), Bless and Schwarz (2010), Stapel and Suls (2011), and Sherif, Taub and Hovard (1958). 
23 The evidence also shows that large departures from the adaptation level lead to overshooting (or what psychologists 
call “after-effects”): a given level of a stimulus, such as brightness or temperature, is underestimated after exposure to 
high levels of that stimulus (Brigell and Uhlarick 1979).  In our model, overshooting comes from strong attention to 
surprise, 𝜎(𝑝4, 𝑝#) > 1. The existence of contrast effects, defined as the case in which the valuation of an attribute is 
contrasted away from the norm akin to a negative derivative in Equation (12), does not require overshooting. It only 
requires that 𝜎(𝑥, 𝑥#) be steep enough with respect to the norm. 
24 Experiments using speech, musical pitch and other stimuli where categories are learned show higher discriminability 
for stimuli differences that straddle category boundaries (Goldstone 1994). Two stimuli with the same objective distance 
are more easily distinguished when they belong to two different categories, but only for subjects who have learned the 
categories (that is, speakers of the language under test or expert musicians).   
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by surprise.  As we showed in Figure 3, there is a normal price range when surprise is small, and two abnormal 

price ranges (high and low) when surprise is large. The latter ranges drive contrast effects.  

To map more precisely our model to some puzzles, and highlight its new predictions, it is useful to 

consider how prior experience and contextual cues affect the consumer’s willingness to pay 𝑝��� for a good 

of quality 𝑞. This is, of course, the highest price at which the decision value in Equation (11) is not greater 

than quality 𝑞.  Because the 𝐷𝑉 of price increases in 𝑝4, 𝑝��� is implicitly defined by: 

𝑝#(𝑝���, 𝑐4) + 𝜎9𝑝���, 𝑝#(𝑝���, 𝑐4)= ∙ 9𝑝��� − 𝑝#(𝑝���, 𝑐4)= = 𝑞			 

Note that the norm used for valuation is shaped by two cues: context and 𝑝��� itself. Willingness to 

pay is a function of context and of the price database. We denote this function by 𝑝���(𝑝, 𝑐4).  

Consider the willingness to pay for a good of quality 𝑞 in context 𝑐 of two consumers with different 

price histories.  One consumer has on average experienced a high price context 𝑐�, associated with a higher 

average price 𝑝� in the database.  Another consumer has instead on average experienced a low price context 

𝑐�, so the average price in his database is low, 𝑝� < 𝑝�. 

The two consumers have identical preferences, so in a rational world they would have the same 

willingness to pay 𝑞.  This is not so when memory and attention affect valuation. To the first consumer, the 

price 𝑝 = 𝑞 may seem surprisingly low compared to a norm shaped by the high past prices he experienced, 

boosting 𝑊𝑇𝑃 above 𝑞.  To the second consumer, the same price may look surprisingly high compared to a 

norm shaped by the low past prices he experienced, reducing 𝑊𝑇𝑃 below 𝑞. Of course, the extent to which 

these past experiences are engaged also depends on the current context 𝑐, which is common to the two 

consumers.  The common context may in fact prime the two consumers to recall the prices prevailing in 𝑐, 

inducing their norms and hence their WTP to converge despite different past experiences.  

The WTP of the two consumers can be characterized as follows.  

Proposition 5. Suppose the two consumers evaluate the good in the same context 𝑐 ∈ (𝑐�, 𝑐�). Then, under 

the conditions of Proposition 3, there are two thresholds 𝑝�(𝑐, 𝑐�) and 𝑝�(𝑐, 𝑐�), such that 𝑝���9𝑝�, 𝑐= > 𝑞 >
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𝑝���9𝑝�, 𝑐= if 𝑝� > 𝑝�(𝑐, 𝑐�) and  𝑝� < 𝑝�(𝑐, 𝑐�).  The latter conditions are more likely to be satisfied if context 

is stable (|𝑐 − 𝑐k| is low for 𝑖 = 𝑙, ℎ) or if price variability 𝜋> experienced by the two consumers is low.  

As in Corollary 3, surprise arises when the consumer has seen extreme prices in the past and current 

context is sufficiently close to these past experiences that these are retrieved, creating an artificial surprise. 

The key new result here is that, in these cases, willingness to pay over-reacts to surprise, moving toward 

extreme past experiences: consumer ℎ reports a higher willingness to pay than 𝑙 despite the fact that they 

have identical objective valuations of the good.  We next discuss some evidence bearing on this mechanism. 

Housing Choices of Movers. Simonsohn and Loewenstein (2006) show that the home rental decisions of 

movers to a new city are influenced, controlling for household characteristics, by the price of housing in the 

origin city.   When moving to a cheaper city, say from San Francisco to Pittsburgh, consumers spend more on 

housing than comparable locals, and the reverse holds when moving to a more expensive city, say from 

Atlanta to New York. In subsequent renting decisions, however, the movers converge to locals: they switch 

to cheaper rents in Pittsburgh and to more expensive ones in New York.  This is puzzling for the neoclassical 

model, including one with search costs, but also for models of rational expectations reference points since 

such reference should adjust immediately, as the mover acquires information about the destination city.   

Instead, the evidence is consistent with the logic of Proposition 5. The “house hunt” database of a 

mover from San Francisco to Pittsburgh reflects the high San Francisco rents 𝑝�.  Of course, the Pittsburgh 

context 𝑐 is not identical to the San Francisco context 𝑐�, but – with a database mostly shaped by San 

Francisco rents and by very few experiences of house hunting in Pittsburgh (i.e., 𝜋> is low) – the search for 

an apartment in Pittsburgh cues recall of the apartment rents in San Francisco.  Recalling these high rents 

makes current rents look surprisingly cheap, causing the mover to have an inflated willingness to pay for 

housing (and vice versa for movers from cheap cities).25 Context explains the subsequent adaptation.  By 

living in Pittsburgh, the renter’s database becomes progressively populated by Pittsburgh rents, so that the 

                                                           
25 The same reasoning holds true in the quality space.  The mover coming from San Francisco is accustomed to live in 
small apartment.  When seeing the large apartments in Pittsburgh he is positively surprised and over-reacts, becoming 
more willing to pay a higher price for the same quality relative to a Pittsburgh resident.   
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common Pittsburgh context 𝑐 retrieves many Pittsburgh rents, interfering with recall of San Francisco rents 

(because 𝑐 ≠ 𝑐� and now 𝜋> is high). This implies that eventually the rent norm of a second time mover 

drops to the norm of locals.  The effect works in the reverse for a mover coming from a cheap city.  

Besides accounting for the evidence, our model yields new predictions. If the San Francisco mover at 

some point lived in a city with similar characteristics and rents as Pittsburgh, say Atlanta, the current context 

𝑐 would cue memories of such experience (because this consumer has higher rent variability in his database 

and in particular has many rents associated with the current context). These memories displace the more 

recent San Francisco rents. Bordalo, Gennaioli, and Shleifer (2019) replicate Loewenstein and Simonsohn 

(2006)’s evidence using 20 additional years of data, and confirm this prediction: movers who have past 

experiences with rents close to the destination city are less influenced by city of origin rents. 

Beer on the Beach.  Context-driven artificial surprise also underlies Thaler’s (1985) famous beer-at-

the-beach experiment.  Subjects state a higher willingness to pay for a given beer, to be consumed on the 

beach, when the beer is described as being bought from a nearby resort rather than from a nearby run-down 

shack. 26 Differently from the case described in Proposition 5, here the current context 𝑐 is not common.  

Rather, the two consumers may well have the same underlying database of past experiences, but one is cued 

by a high price context 𝑐�, “the resort”, while another is primed by a low context 𝑐�, “the shack”.  Due to this 

priming, the former consumer recalls high prices, the latter consumer recalls low prices.  Provided the normal 

resort price is sufficiently high, the resort prime induces a higher willingness to pay than the shack prime, 

𝑝���(𝑝, 𝑐�) > 𝑝���(𝑝, 𝑐�). Cued prices are extreme, so the consumer perceives even moderately high prices 

as low at the resort and moderately low prices as too expensive at the shack. 

Here choice distortions arise because the consumer focuses on superficial similarity between the 

resort prime and high prices, neglecting the fundamental factor that the beer is consumed on the same 

beach. This is a perverse case, but in many other circumstances the very same mechanism helps us form 

                                                           
26 In related experimental evidence, consumers who are primed with “Walmart” spend less on a subsequent choice than 
consumers primed with “Nordstrom” (Chartrand et al 2008).   Relative to Thaler (1985), this design removes a confound 
in that the purchase decision is exactly the same. 
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accurate norms and make better decisions. We may adapt to paying higher prices at resorts than at corner 

stores because, under more typical circumstances, beer purchased at a resort would be consumed there, 

enabling a consumer to enjoy the comfort and service that are not available at the corner store. In this and 

other cases, contextual similarity fosters benign adaptation, improving decisions. 

Conflicting primes in the Laboratory. The role of memory, and in particular of contextual similarity, 

in driving the background contrast effect is further illustrated in a series of experiments by Mazar, Koszegi 

and Ariely (2014).  In incentivized experiments, they reproduce the gap in 𝑊𝑇𝑃	when in a first stage subjects 

are exposed to high versus low price contexts 𝑐� and 𝑐�.  They find that the gap is eliminated if in the second 

stage subjects are encouraged to think about a “reasonable” price.  In this case, the first stage experience is 

less influential due to the presence of an additional “reasonableness” cue.  They also find that the gap is 

eliminated if in the second stage subjects are initially exposed to both contexts, knowing that only one 

context would materialize.  Reminding subjects of both contexts reduces interference, and allows both high 

and low prices to be recalled. As the authors argue, this evidence is inconsistent with rational expectations 

reference points, which only depend on the context that actually materializes, and not on the other one.  

Broken Dishes. We conclude with a puzzle entailing quality rather than price assessments: Hsee’s 

(1996) broken dishes experiment. Subjects reported a higher willingness to pay for a set of 10 intact dishes 

than for a set of 13 dishes of which 11 are intact and two are broken. This behavior violates monotonicity. 

Our model accounts for this choice by viewing the number of dishes as a contextual variable that retrieves 

an immediate quality norm from memory. In this norm, no dish is broken because we never experience 

buying broken dishes. The consumer is negatively surprised. His valuation overshoots, and falls below the 

rational valuation of a set of 10 intact dishes, for which there is no negative surprise. 27 

 

                                                           
27 When evaluating the set with 13 dishes, 𝑐 = 13, subjects immediately retrieve from memory the quality 𝑞8@ of 13 
intact dishes.  With two broken dishes, however, the quality of the set is only equal to the value 𝑞88 of 11 intact dishes 
and valuation is given by 𝑞8@ − 𝜎(𝑞88, 𝑞8@) ∙ (𝑞8@ − 𝑞88), which drops below 𝑞8� only if 𝜎(𝑞88, 𝑞8@) > 1. 
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5. Memory-Based Norms in Field Data 

By bringing memory and norms to bear on decisions, our model provides a unified psychological 

foundation to a variety of puzzling behaviors, and generates new insights into how decisions are shaped by 

context and experience.  It also raises challenges for the measurement of the model’s mechanisms.  A first 

challenge concerns the role of cues.  Choice settings are filled with stimuli that can act as cues.  Which of 

them matter?  Proposition 1 shows that cues uncorrelated with intrinsic attributes do not shape norms and 

do not matter for choice.  More generally, to predict choice in our model it is not necessary to describe the 

environment in detail, but rather to identify the cues that are most strongly correlated with quality and price.    

That said, some relevant cues – those correlated with intrinsic attributes – might not be observed by 

the econometrician, as is the case with product descriptions or timing of purchase. To predict choice, in 

particular when assessing the effect of past conditions on the memory database or the impact of an observed 

cue, we need to hold constant other conditions.  This requirement is no different from any other model, both 

rational (e.g., what information do people see) or behavioural (e.g., in Haggag et al (2018) the weather during 

the visit to the park is not the only aspect influencing enjoyment).  In this sense, the role of cues is not a 

shortcoming. Rather, it adds new predictions relative to other models. As we stress in the paper, these new 

predictions depend on two elements.  First, they depend on the context of choice. In laboratory or field 

experiments, context can be externally manipulated.  In field data, there are proxies for cues that should not 

normatively affect valuation, such as the weather when buying a convertible or a sweater. Second, the 

predictions of our model depend on past experiences. It is increasingly common to see datasets reporting 

the conditions faced by consumers in the past (Simonsohn and Loewenstein 2006).  This information can be 

put to use to test our model, as we show in Bordalo et al. (2019).        

In our analysis, we assumed unidimensional context and a simple similarity functional form. In reality, 

context is multidimensional and sometimes categorical.  For instance, it is natural to expect travelers at La 

Guardia to condition on “airport’’ context as opposed to “close to New York City’’, because La Guardia is 

arguably more similar to other airports than to downtown Manhattan.  At the same time, an airport in Nairobi 
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may be more similar to Kenya itself than to La Guardia, so that both relevant dimensions (airport and country) 

influence norms. Our assumption of unidimensional context is a first step, summarizing more complex 

underlying similarity relationships among attributes.  But the model generalizes to allow for multidimensional 

context and for non-quadratic or even non-Euclidean similarity relations, at the cost of greater complexity.  

Most important, the model is testable even with multidimensional context as long as similarity can 

be elicited directly.  Research in Psychology elicits similarity judgments from subjects under the well-founded 

assumption that such judgments follow widely shared deep-seated intuitions.  The similarity judgments thus 

obtained predict subsequent judgments or decisions.  Kahneman and Tversky (1972) show that stated 

similarity between a type (e.g., a feminist bank teller) and a group (e.g., women who were activist in college) 

aligns with the assessed likelihood of that type in that group. Pantelis et al (2008) elicit similarity judgments 

between synthetic faces that vary in several measurable attributes, and use this data to fit the similarity 

function in attribute space.  Their subjects are more likely to confuse names assigned to faces that have 

higher similarity (either stated or predicted).  This evidence suggests that similarity across contexts can be 

elicited from subjects, it predicts recall in line with memory models, and judgments yield similarity functions 

that can be used out of sample.28 Such methods offer new opportunities to test the role of memory in choice. 

 

6. Conclusion  

 In this paper, we propose a new theory of choice based on the idea that valuation is a two-stage 

process:  an automatic estimation of value based on cued recall, followed by an adjustment in the direction 

of any discrepancy between the estimated and observed attributes.  We use a biologically founded, textbook 

model of memory (Kahana 2012) to build a model of memory-based norms, and combine it with the salience 

theory of choice, which is a natural way to incorporate the notions of surprise, and of reaction to surprise, 

that are featured in Kahneman and Miller’s Norm Theory. 

                                                           
28 Out of sample here means two things. First, similarity judgments of a given subject pool on a certain set of objects 
can be used to predict the similarity judgments of the same subject pool on a new set of objects.  Second, similarity 
judgments elicited from subject pool A can proxy for those of subject pool B, so the judgments of A can be used to shed 
light on the choices of B. The latter procedure can enrich existing datasets that do not contain measures of similarity. 
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 The central feature of the model – recall through similarity – yields many predictions on what comes 

to mind when decision makers face a stimulus, which have been extensively tested and confirmed in memory 

research but which also have multiple implications for economic analysis. Due to the central role of similarity 

in recall, norms tend to be adapted to the specific choice at hand, creating the stability (and even rationality) 

of choice that is faced often. At the same time, norms can also incorporate normatively irrelevant contextual 

features, and through this channel lead to unstable and apparently irrational choice.  The model sheds light 

on conditions under which surprise leads to assimilation or contrast, and provides a unified account of a 

range of evidence documented in the literature, as well as making several novel and testable predictions. 

 Future work may use our results to shed light on several issues. One natural application is judgments 

of fairness. A large body of work shows that fairness considerations influences economic decisions in the field 

and the lab (see Fehr and Schmidt 1999).  These studies often rely on two ingredients: a “fair” allocation, and 

“social preferences” that make departures from that allocation personally costly.  In a paper published in the 

same year as Norm Theory, Kahneman, Knetsch and Thaler (KKT 1986) equate the fair allocation with a so-

called “reference transaction”, described as a norm.   The authors state “the reference transaction provides 

a basis for fairness judgments because it is normal, not necessarily because it is just.”   This suggests that a 

fair allocation is like a norm. It is retrieved from memory, it largely reflects custom, it is malleable, and it 

adapts to change.  As KKT put it, “terms of exchange that are initially seen as unfair may in time acquire the 

status of a reference transaction (...) at least in the sense that alternatives to it no longer come to mind."    

Throughout this paper, we have made a number of specific modeling choices for clarity, many of 

which can be revisited or relaxed.  There are several missing aspects in the basic model of memory, such as 

the importance of salient memories, the inattention to some aspects of the initial stimulus that may influence 

recall (Schwartzstein 2014), or even the failure of initial encoding of some experiences.  In addition, with 

some modifications, our model can perhaps also incorporate recall of other types of information from 

memory, such as goals or data about future events, as well as exogenous influences (such as incentives) in 

the attention paid to attributes, which may shape the salience function and the range of attributes that are 

considered normal or surprising. 
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Similarly, the recall cued by a choice option is not necessarily restricted to instances of the same 

good, but can include alternative goods or alternative uses of funds, which can shape how decision-makers 

frame their choices. Such an extension may provide insight into narrow framing and mental accounting 

(Thaler 1985).   The choice of the grade of gas to fill the gas tank retrieves past instances of the same choice 

and past gas prices, but is unlikely to retrieve the consumer’s other choices, leading to a neglect of 

opportunity cost (Frederick et al 2009). Nor are gas prices likely to bring to mind the consumer’s broader 

financial situation including his current income, leading to a breakdown of fungibility of money (Hastings and 

Shapiro 2013).  If instead income is directly associated to a consumption choice, which happens with targeted 

vouchers (Abeler and Marklein 2016) or SNAP benefits (Hastings and Shapiro 2018), then the same memory-

based mechanism may entail excess sensitivity of consumption to the windfall.  Viewing the choice setting as 

a cue may explain how choice is both anchored to similar past decisions but at the same time isolated from 

other decisions, providing a foundation for narrow framing.   

Our model draws a link between memory-based norms and expectations of value, which raises two 

important issues. First, in more complex tasks such as predicting the next realization of a stochastic process, 

decision makers do not just recall past realizations, but also use forward looking intuitions about the data 

generating process.   A number of recent papers build on Kahneman and Tversky’s (1972) representativeness 

heuristic to explore how selective memory shapes beliefs. In this approach, recall is selected toward features 

that are most diagnostic of, or similar to, a group in contrast to a comparison group (Gennaioli and Shleifer 

2010, Bordalo et al. 2016), with important implications for expectations in social, financial, and 

macroeconomic domains. Bordalo et al. (2018) use experimental methods to show that this heuristic 

influences probability judgments by affecting recall.  While many questions remain open, it seems clear that 

textbook models of memory offer an opportunity to unify many behavioral models and to improve their 

empirical testability, and at a deeper level to understand how decision makers represent and make choices.   
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Appendix A. Proofs 

Proposition 1. After observing a cue 𝑐4, the norm retrieved from memory is equal to: 

𝑝#(𝑐4) = ¢𝑝
𝑆(|𝑐 − 𝑐4|)

∫ 𝑆(|𝑐 − 𝑐4|)𝑑𝐹(𝑐)
𝑑𝐹(𝑐, 𝑝) 

= Y𝑝 £Y
𝑆(|𝑐 − 𝑐4|)

∫ 𝑆(|𝑐 − 𝑐4|)𝑑𝐹(𝑐)
𝑑𝐹(𝑐|𝑝)¤ 𝑑𝐹(𝑝) 

If context and price are uncorrelated, 𝑑𝐹(𝑐|𝑝) = 𝑑𝐹(𝑐), so the term in square brackets equals 1 and 

𝑝#(𝑐4) = 𝑝.  If the cue includes context and price, then the norm is equal to:  

𝑝#(𝑝4, 𝑐4) = Y𝑝 ¥
𝑆(|𝑝 − 𝑝4|) ∫ 𝑆(|𝑐 − 𝑐4|) 𝑑𝐹(𝑐|𝑝)

∫ 𝑆(|𝑝 − 𝑝4|)[∫ 𝑆(|𝑐 − 𝑐4|)𝑑𝐹(𝑐|𝑝)]𝑑𝐹(𝑝)
¦ 𝑑𝐹(𝑝) 

If context and price are uncorrelated, this can be rewritten as: 

𝑝#(𝑝4, 𝑐4) = Y𝑝 ¥
𝑆(|𝑝 − 𝑝4|) ∫ 𝑆(|𝑐 − 𝑐4|) 𝑑𝐹(𝑐)

∫ 𝑆(|𝑝 − 𝑝4|)𝑑𝐹(𝑝) ∫ 𝑆(|𝑐 − 𝑐4|)𝑑𝐹(𝑐)
¦ 𝑑𝐹(𝑝) 

= Y𝑝¥
𝑆(|𝑝 − 𝑝4|)

∫ 𝑆(|𝑝 − 𝑝4|)𝑑𝐹(𝑝)
¦ 𝑑𝐹(𝑝) = 𝑝#(𝑝4). 

Finally, consider the case where 𝐹(𝑝) is symmetric and unimodal.  We show this implies that 𝑝#(𝑝4) lies 

between 𝑝4 and 𝑝.  To do so, consider the claim that 𝑝#(𝑝4) ≤ 𝑝4. This condition can be written as: 

𝑝4 − 𝑝#(𝑝4) = Y (𝑝4 − 𝑝)𝑆̈(|𝑝 − 𝑝4|; 𝑝4)𝑑𝐹(𝑝)
F�

o�
 

where 𝑆̈(|𝑝 − 𝑝4|; 𝑝4) is a shorthand for ª(|?o?�|)
∫ ª(|?o?�|)ic(?)

.  Thus, 𝑝4 − 𝑝#(𝑝4) becomes: 

Y (𝑝4 − 𝑝)𝑆̈(|𝑝 − 𝑝4|; 𝑝4)𝑑𝐹(𝑝)
?�

o�
+ Y (𝑝4 − 𝑝)𝑆̈(|𝑝 − 𝑝4|; 𝑝4)𝑑𝐹(𝑝)

F�

?�
 

= Y 𝑢𝑆̈(𝑢; 𝑝4)𝑑𝐹(𝑝4 − 𝑢)
F�

�
−Y 𝑢𝑆̈(𝑢; 𝑝4)𝑑𝐹(𝑝4 + 𝑢)

F�

�
 

= Y 𝑢𝑆̈(𝑢; 𝑝4)[𝑑𝐹(𝑝4 − 𝑢) − 𝑑𝐹(𝑝4 + 𝑢)]
F�

�
≥ 0.																																								(𝐴. 1) 
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Because 𝑑𝐹(𝑝) is symmetric and unimodal around 𝑝, Equation (A.1) holds if |𝑝4 − 𝑢 − 𝑝| ≤ |𝑝4 + 𝑢 − 𝑝| for 

any 𝑢 ≥ 0. This is true if and only if 𝑝4 ≥ 𝑝.  A similar argument shows that 𝑝#(𝑝4) ≥ 𝑝 if and only if 𝑝4 ≥ 𝑝, 

and in particular 𝑝#(𝑝4) = 𝑝 if and only if 𝑝4 = 𝑝. 

 

Corollary 1. With multiplicative similarity and zero correlation between price and context, the price norm 

𝑝#(𝑝4, 𝑐4) is the average price under the distorted measure ª(|?o?�|)
∫ ª(|?o?�|)ic(?)

𝑑𝐹(𝑝).  When similarity is given 

by Equation (3) and the price distribution is normal with variance 𝜋>, the distorted density is proportional to 

𝑒o­(?�o?)�𝑒o
(®¯®°)�

�±� . This is a normal distribution with mean ?F>­�
�?�

8F>­��
 and variance ��

8F>­��
.  

 

Proposition 2. When the cue is context alone, the price norm 𝑝#(𝑐4) is the average price under the distorted 

measure ²∫ ª(|�o��|)
∫ ª(|�o��|)ic(�)

𝑑𝐹(𝑐|𝑝)³ 𝑑𝐹(𝑝). When the cue is (𝑝4, 𝑐4), then with multiplicative similarity 

between price and context, the price norm 𝑝#(𝑝4, 𝑐4) is the average price under the distorted measure 

ª(|?o?�|) ∫ ª(|�o��|)ic(�|?)
∫ ª(|?o?�|)ic(?)∫ ª(|�o��|)ic(�)

𝑑𝐹(𝑝).   We derive the price norm under the assumptions of the Proposition 

and using similarity function (3).  Denote 𝛿? = 𝛿𝜆?,4 the strength of similarity in recall given a price cue, so 

that the first case where there is no price cue arises for 𝛿? = 0.   

The distorted distribution is the product of two normal distributions, namely the undistorted 

database with mean 𝜇 = [𝑝̅, 𝑐̅] and variance matrix Σc = ¶ 𝜋
> 𝜌𝜋𝛾

𝜌𝜋𝛾 𝛾>
· and the similarity distribution with 

mean 𝜅 = [𝑝4, 𝑐4] and variance matrix Σ¸k¹ = º

8
>­®

0

0 8
>­®

».  This product the variance matrix Σ =

9Σ¸k¹o8 + Σco8=
o8

, and the price norm is then the top element of the vector ΣΣco8𝜇 + ΣΣ¸k¹o8 𝜅. Plugging in Σc 

and Σ¸k¹ and simplifying, we find: 

𝑝#(𝑝4, 𝑐4) =
𝑝 + 2𝛿𝛾>𝔼c(𝑝|𝑐4) + O2𝛿?𝜋> + 4𝛿?𝛿𝛾>𝜋>(1 − 𝜌>)P𝑝4

1 + 2𝛿𝛾> + O2𝛿?𝜋> + 4𝛿?𝛿𝛾>𝜋>(1 − 𝜌>)P
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where 𝔼c(𝑝|𝑐4) = 𝑝 + 𝜌 ¼
�
(𝑐4 − 𝑐̅).  The case in which only context acts as a cue can be assessed as the limit 

case in which 𝛿? ⟶ 0, so that the above equation becomes ?F>­¼
�𝔼¾(?|��)

8F>­¼�
, as in Equation (7).  When price is 

also a cue price interference is finite, 𝛿? ⟶ 𝛿, so that we obtain Equation (8).  

Corollary 2. By inspection of Equation (9). 

Proposition 3. Define 

𝐷𝑉9𝑝4, 𝑝#(𝑝4)= ≡ 𝑝#(𝑝4) + 𝜎9𝑝4, 𝑝#(𝑝4)=[𝑝4 − 𝑝#(𝑝4)] 

Setting 𝐷𝑉9𝑝4, 𝑝#(𝑝4)= = 𝑝4 becomes 𝜎9𝑝4, 𝑝#(𝑝4)=[𝑝4 − 𝑝#(𝑝4)] = 𝑝4 − 𝑝#(𝑝4), with solutions 𝑝4 =

𝑝#(𝑝4) and 𝜎9𝑝4, 𝑝#(𝑝4)= = 1.  Because, under the assumptions of the Proposition, 𝑝#(𝑝4) is a linearly 

increasing function of 𝑝4, the condition 𝑝4 = 𝑝#(𝑝4) has a unique solution. From Equations (7, 8), this solution 

is given by 𝑝4 = 𝑝#(𝑐4).  In turn, 𝜎9𝑝4, 𝑝#(𝑝4)= is an increasing function of 𝑝4 for 𝑝4 > 𝑝#(𝑐4) and a 

decreasing function of 𝑝4 for 𝑝4 < 𝑝#(𝑐4).  To see this, write: 

𝜕𝜎9𝑝4, 𝑝#(𝑝4)=
𝜕𝑝4

= 𝜎w ¿
𝑀4

𝑚4
, 1Â

𝑝		
𝑚4
> 𝑠𝑔𝑛9𝑝4 − 𝑝

#(𝑝4)= 

where 𝑚4 ≡ min[𝑝4, 𝑝#], and 𝑀4 ≡ max[𝑝4, 𝑝#], as can be checked by considering the two cases individually.  

Because limB→�,� 𝜎(𝑥, 1) = 𝜎 > 1, there exist unique price thresholds 𝑝�, 𝑝� satisfying 0 < 𝑝� <

𝑝#(𝑝, 𝑐4) < 𝑝� such that 𝐷𝑉9𝑝4, 𝑝#(𝑝4)= = 𝑝4 if and only if 𝑝4 ∈ {𝑝�, 𝑝#(𝑐4), 𝑝�}.  Furthermore, it is easy to 

see that 𝐷𝑉(𝑝4, 𝑝#) is monotonically increasing in 𝑝4, since both 𝑝#(𝑝4) and 𝜎9𝑝4, 𝑝#(𝑝4)=[𝑝4 − 𝑝#(𝑝4)] are. 

Undervaluation 𝐷𝑉(𝑝4, 𝑝#) < 𝑝4 occurs when: 

9𝜎9𝑝4, 𝑝#(𝑝4)= − 1=[𝑝4 − 𝑝#(𝑝4)] < 0 

namely when 𝑝4 < 𝑝#(𝑝4) and 𝜎9𝑝4, 𝑝#(𝑝4)= > 1 or vice versa.  Thus, there is undervaluation for 𝑝4 < 𝑝�, 

which guarantees both conditions, but also for 𝑝4 ∈ (𝑝#(𝑝, 𝑐4), 𝑝�) where 𝑝4 > 𝑝#(𝑝4) but 𝜎9𝑝4, 𝑝#(𝑝4)= <

1. Similar arguments show that in the complementary regions there is overvaluation, 𝑉(𝑝4, 𝑝#) > 𝑝4. 
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 We now examine the curvature profile of 𝐷𝑉(𝑝4, 𝑝#).  To do so, consider first the region where 𝑝4 >

𝑝#(𝑝4). Denoting 𝑥 = ?�
?�
> 1 and 𝛼 = >­��

8F>­��
 we can rewrite �ÇÈ(?�,?

�)
�?�

 as: 

𝜕𝐷𝑉(𝑝4, 𝑝#)
𝜕𝑝4

= 𝜎w(𝑥)(𝑥 − 1)(1 − 𝛼𝑥) + 𝜎(𝑥)(1 − 𝛼) 

where 1 − 𝛼𝑥 = (1 − 𝛼) ?
?�
> 0.  It then follows that 𝜕?�

> 𝐷𝑉 is proportional to 

𝜎ww(𝑥)(𝑥 − 1) + 2𝜎w(𝑥) 

For 𝑥 close to 1 this expression is positive, because 𝜎w(𝑥) > 0.  However, as 𝑥 increases it tends to decrease 

if 𝜎ww(𝑥) < 0. More generally, provided the expression decreases monotonically and reaches negative values, 

that is it is negative for 𝑥 = lim
?�→F�

?�
?�(?�,��)

, then it has exactly one zero for 𝑥 > 1.  In this case, 𝐷𝑉(𝑝4, 𝑝#) 

has exactly one inflection point for 𝑝4 > 𝑝#(𝑝4). 

 A similar calculation shows that, under the same conditions, 𝐷𝑉(𝑝4, 𝑝#) has exactly one inflection 

point for 𝑝4 < 𝑝#(𝑝4).  Finally, we assume differentiability of 𝐷𝑉(𝑝4, 𝑝#) at 𝑝4 = 𝑝#(𝑝4), which is equivalent 

to differentiability of 𝜎(𝑥, 1) at 𝑥 = 1. Given homogeneity of degree zero, this requires setting 𝜎w(1) =

𝜎ww(1) = 0, in which case 𝑝4 = 𝑝#(𝑝4) is the third inflection point. 

 

Proposition 4. The value of 𝑝� solves 𝜎9𝑝�/𝑝#(𝑝�)= = 1, which entails: 

𝑝� = 𝑧𝑝#(𝑝�, 𝑐4), 

for 𝑧 > 1 and for contexts such that 𝑝#(𝑝�, 𝑐4) > 0.  If 1 + 2𝛿𝛾> + (1 − 𝑧)[2𝛿𝜋> + 4𝛿>𝛾>𝜋>(1 − 𝜌>)] >

0, this condition implicitly defines:    

𝑝� =
𝑧[𝑝 + 2𝛿𝛾>𝔼c(𝑝|𝑐4)]

O1 + 2𝛿𝛾> + (1 − 𝑧)[2𝛿𝜋> + 4𝛿>𝛾>𝜋>(1 − 𝜌>)]P
, 

If 1 + 2𝛿𝛾> + (1 − 𝑧)[2𝛿𝜋> + 4𝛿>𝛾>𝜋>(1 − 𝜌>)] < 0, then 𝑝� is not defined (there is insensitivity to all 

prices above the norm).   Likewise, the value of 𝑝� solves 𝜎(𝑝#(𝑝�)/𝑝�) = 1, which entails: 
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𝑧𝑝� = 𝑝#(𝑝�, 𝑐4), 

for 𝑧 > 1 and for contexts such that 𝑝#(𝑝�, 𝑐4) > 0.  If z + 𝑧2𝛿𝛾> + (𝑧 − 1)[2𝛿𝜋> + 4𝛿>𝛾>𝜋>(1 − 𝜌>)] >

0, this condition implicitly defines:    

𝑝� =
𝑝 + 2𝛿𝛾>𝔼c(𝑝|𝑐4)

z + 𝑧2𝛿𝛾> + (𝑧 − 1)[2𝛿𝜋> + 4𝛿>𝛾>𝜋>(1 − 𝜌>)] 

If instead z + 𝑧2𝛿𝛾> + (𝑧 − 1)[2𝛿𝜋> + 4𝛿>𝛾>𝜋>(1 − 𝜌>)] < 0, then 𝑝� is not defined (there is insensitivity 

to all prices below the norm).   

It is evident that both 𝑝� and 𝑝� increase in 𝑝.  It is also evident that, given that 𝑧 > 1, higher 𝜋> increases 

𝑝� while reduces 𝑝�.  It is also immediate, after some algebra, to see that – again because 𝑧 > 1 – higher 𝑝 

or higher 𝔼c(𝑝|𝑐4) increase the range 𝑝� − 𝑝�.  

 

Corollary 3. Suppose that 𝑝4 < 𝑝#(𝑝, 𝑐4).  Then, it is immediate to see that it also the case 𝑝4 < 𝑝#(𝑝4, 𝑐4). 

As a result, the decision value of price 𝐷𝑉 is less than the true price 𝑝4 if and only if: 

(𝜎(𝑝#(𝑝4, 𝑐4)/𝑝4) − 1)[𝑝4 − 𝑝#(𝑝4, 𝑐4)] < 0, 

which boils down to 𝜎(𝑝#(𝑝4, 𝑐4)/𝑝4) > 1, or 𝑝#(𝑝4, 𝑐4) > 𝑧𝑝4. This condition becomes: 

𝑝4 < 𝑝� =
𝑝 + 2𝛿𝛾>𝔼c(𝑝|𝑐4)

z + 𝑧2𝛿𝛾> + (𝑧 − 1)[2𝛿𝜋> + 4𝛿>𝛾>𝜋>(1 − 𝜌>)] 

=
1 + 2𝛿𝛾>

z + 𝑧2𝛿𝛾> + (𝑧 − 1)[2𝛿𝜋> + 4𝛿>𝛾>𝜋>(1 − 𝜌>)] 𝑝
#(𝑝, 𝑐4), 

which matches the condition in the proposition by the definition: 

𝛼 ≡
1 + 2𝛿𝛾>

z + 𝑧2𝛿𝛾> + (𝑧 − 1)[2𝛿𝜋> + 4𝛿>𝛾>𝜋>(1 − 𝜌>)], 

where clearly 𝛼 < 1 by z > 1 and where 𝛼 decreases in 𝜋>.  Following the same logic one can establish the 

stated properties for overvaluation of price in the opposite case in which 𝑝4 > 𝑝#(𝑝, 𝑐4). 
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Proposition 5. Consumer 𝑖 ∈ {ℎ, 𝑙} has a database 𝑁9𝑝k, 𝑐k, 𝜋
>, 𝛾>, 𝜌=.  Suppose that 𝛿 is finite.  Given context 

𝑐, consumer 𝑖’s price norm is equal to: 

𝑝k#(𝑐) =
𝑝k + 2𝛿𝛾

>𝔼c(𝑝|𝑐)
1 + 2𝛿𝛾> . 

The willingness to pay of consumer 𝑖 is the solution 𝑝 to the equation: 

𝐷𝑉9𝑝, 𝑝k#(𝑝)= = 𝑞 ⇔ {𝜎[𝑝, 𝑣8𝑝 + 𝑣>𝑝k#(𝑐)] − 1}[𝑝 − 𝑣8𝑝 − 𝑣>𝑝k#(𝑐)] = 𝑞 − 𝑝, 

where 𝑣8, 𝑣> are positive coefficients. It is easy to see that the left-hand side of the above equation is 

monotonically increasing in 𝑝.  As a result, the following condition describes when consumer 𝑖 has a WTP 𝑝 

above or below 𝑞: 

𝑝 > 𝑞	 ⇔ M𝜎O𝑞, 𝑣8𝑞 + 𝑣>𝑝#9𝑝k, 𝑐=P − 1QO𝑞 − 𝑣8𝑞 − 𝑣>𝑝
#9𝑝k, 𝑐=P < 0. 

We are looking for a condition whereby 𝑝 > 𝑞 for 𝑖 = ℎ and 𝑝 < 𝑞 for 𝑖 = 𝑙.  The left-hand side of the above 

inequality has the following property. There are three thresholds 𝑝∗ < 𝑝̂ < 𝑝∗  such that:  

M𝜎O𝑞, 𝑣8𝑞 + 𝑣>𝑝#9𝑝k, 𝑐=P − 1QO𝑞 − 𝑣8𝑞 − 𝑣>𝑝
#9𝑝k, 𝑐=P > 0			𝑓𝑜𝑟			𝑝#9𝑝k, 𝑐= < 𝑝∗	𝑎𝑛𝑑	𝑝̂ < 𝑝#9𝑝k, 𝑐= < 𝑝∗, 

M𝜎O𝑞, 𝑣8𝑞 + 𝑣>𝑝#9𝑝k, 𝑐=P − 1QO𝑞 − 𝑣8𝑞 − 𝑣>𝑝
#9𝑝k, 𝑐=P < 0			𝑓𝑜𝑟				𝑝̂ < 𝑝#9𝑝k, 𝑐= < 𝑝∗	𝑎𝑛𝑑	𝑝#9𝑝k, 𝑐= > 𝑝∗. 

As a result, given that 𝑝#9𝑝�, 𝑐= < 𝑝#9𝑝�, 𝑐=, a sufficient condition under which the willingness to pay of ℎ is 

larger than the willingness to pay of 𝑙 is 𝑝#9𝑝�, 𝑐= < 𝑝∗ and 𝑝#9𝑝�, 𝑐= > 𝑝∗, which is equivalent to:	

𝑝� +
2𝛿𝜌𝜋>(𝑐 − 𝑐�)
1 + 2𝛿𝛾> < 𝑝∗, 

𝑝� +
2𝛿𝜌𝜋>(𝑐 − 𝑐�)
1 + 2𝛿𝛾> > 𝑝∗, 

Which can be rewritten as: 

𝑝� < 𝑝∗ −
2𝛿𝜌𝜋>(𝑐 − 𝑐�)
1 + 2𝛿𝛾> ≡ 𝑝�(𝑐, 𝑐�), 
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𝑝� > 𝑝∗ −
2𝛿𝜌𝜋>(𝑐 − 𝑐�)
1 + 2𝛿𝛾> ≡ 𝑝�(𝑐, 𝑐�), 

The conditions are satisfied provided 𝑝� and (𝑐 − 𝑐�) > 0 are low enough, and provided 𝑝� and (𝑐 − 𝑐�) <

0 are high enough. For given 𝑝� and 𝑝�, the condition is more likely to be satisfied when 𝜋> is low. 


