
ADVANCING DECISION BY SAMPLING 

 

1 

Abstract 
 

People represent values by taking objective quantities as input and converting them into 

psychologically meaningful subjective assessments. Psychologists have made many strides in 

describing the shape of such a valuation function, but decision by sampling has offered the first 

comprehensive account of how this conversion from objective stimulus to subjective perception 

occurs. Decision by sampling proposes that assessments of value rely on an inherently 

comparative process: People identify how a quantity ranks against quantities in a comparative 

set, the decision sample. Although decision by sampling has proven its practical utility in several 

ways, its application is hindered by not having answered a central question: What values are 

included in the decision sample? Informed by existing literature, we develop four plausible 

accounts. After validating that a particular paradigm is useful for probing the contents of the 

decision sample (Study 1), we report three additional experiments that distinguish among our 

accounts (Studies 2-4). We find clear support for one account: Subjectively evaluating a value 

places it in the decision sample, meaning it is then used to subjectively evaluate new values. We 

close by identifying other basic theoretical questions that confront decision by sampling.   
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Evaluations Are Inherently Comparative, But Are Compared To What?: 
 

Advancing Decision by Sampling 
 

 In order to make good decisions, people need to evaluate the available options. In some 

cases, choices become an easy-to-define (even if difficult-to-calculate) exercise in maximization. 

Such problems require complex math, not complex representations of value. For example, when 

bees determine what route to take when searching for food, they are attempting to maximize the 

calories found minus the calories expended. And bees, like computers, seem optimized to solve 

objectively solvable optimization problems of this sort (Real, 1991, 1996).  

 But not all decisions are optimization problems of this sort. Others involve tradeoffs.   

When deciding whether to upgrade a smartphone or an airline seat, people consider whether such 

enhancements are “worth it.” In other words, they must translate objective differences in 

attributes into subjective assessments of value. Understanding how the mind assigns such 

subjective values has been a core project for psychologists, economists, and others interested in 

judgment and decision making (Bernoulli, 1954; Edwards, 1954; Kable & Glimcher, 2007; 

Kahneman & Tversky, 1979; Parducci, 1965; Stewart, Chater, & Brown, 2006). 

 Consider someone boarding a flight from San Francisco to London. They might pay a 

small fortune for six extra inches of legroom but would probably pay much less for an additional 

six. Each objective unit of increase does not produce the same value enhancement. Such 

diminishing marginal utility is a central feature of expected utility theory (von Neumann & 

Morgenstern, 1947; Marschak, 1950; Samuelson, 1952). Prospect theory preserved this feature, 

but (among other innovations) also noted that values are interpreted in light of reference points 

like the status quo (Kahneman & Tversky, 1979). For this reason, an airline that shrinks its 

legroom by an inch is likely to produce more outrage than a competitor that expands it by the 
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same margin, even if the final legroom is equivalent for both. As a host of framing problems 

demonstrate (Tversky & Kahneman, 1981; Kühberger, 1998; Levin et al., 1998), even arbitrary 

reference points can produce sizable shifts in valuation. 

 Whereas prospect theory identified the importance of reference points, psychologists 

have long appreciated that human judgment is inherently comparative. For example, a fourteen-

year-old student is young in a college classroom and old in an elementary school. More 

generally, comparisons feature prominently in many decision-making models. (Kahneman & 

Miller, 1986; Busemeyer & Townsend, 1993; Tversky & Koehler, 1994). This reality leads 

judgments and decisions to seem unstable and even arbitrary (Garner, 1962; Miller, 1956; 

Laming, 1984, 1997; Allik & Tuulmets, 1991; Shiffrin & Nosofsky, 1994; Ariely, Loewenstein, 

& Prelec, 2003).  

 More recently, psychologists have argued that even evaluations that seem to be made in 

isolation may themselves be comparative in nature. Namely, one particular theory—decision by 

sampling (DbS)—both explains and extends prospect theory by arguing that the role of 

comparisons in determining value does not end with the reference point. The theory recognizes 

that people do not translate objective attributes into subjective value by consulting a value 

function posted in the mind. Instead, people evaluate numerical attributes by calling upon a 

decision sample—an accessible set of values that, in total, shapes one’s interpretation of said 

attribute.  

 By this account, the airline passenger who looks down at her 15 inches of legroom will 

evaluate the airline’s generosity as a function of her past experience with such values. If she is a 

frequent flyer who has recently experienced 12, 13, 13, 13, and 16 inches of legroom on her last 

five trips, she may find the seat spacious. DbS identifies her current experience as 4/5 on a 0 to 1 
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scale, reflecting that the objective value beats 4/5 of those in her decision sample. But for the 

flyer returning to the skies after a twenty-year hiatus, her decision sample may be 14, 18, 18, 19, 

19. For her, the legroom may be experienced negatively as a 1/5—better than only one of the 

five values in her decision sample. The theory also anticipates that the same objective shift in an 

attribute will be experienced differently by different people to the extent it has different effects 

on the attribute’s rankings. Adding an extra two inches of legroom should have more of an 

impact on the former traveler (for whom the legroom’s ranking changes) than for the latter one 

(for whom the new legroom would have the same low ranking). 

The Decision Sample 

 Support for DbS has come from showing that people’s judgments and decisions are 

consistent with their being informed by comparisons with a relevant decision sample. What form 

that decision sample is assumed to take has been determined in three ways. First, researchers 

have scraped numerical values from large archival data sets in an effort to approximate that 

distribution of values to which people are exposed. As examples, Stewart et al. (2006) examined 

the credits and debits in UK bank accounts, and Olivola and Sagara (2009) identified death tolls 

as reported in Google News. As DbS accurately anticipated, these distributions predict how 

people respond to new values in these domains. For example, if someone were to hear about a 

recent death, that news would be evaluated differently in Indonesia, where people are 

accustomed to large death tolls, than it would in Japan, where people are accustomed to smaller 

death tolls. Second, researchers have identified values that have unique importance for the self, 

like one’s birthday. Individual differences in how people assess time delays suggest such 

idiosyncratically important values reside in one’s decision sample (Ungemach, Stewart, & 

Reimers, 2011). Third, researchers have manipulated the distribution of values to which 
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participants are exposed in an immediately preceding context. Effects of recent exposure mirror 

those of chronic exposure (Olivola & Sagara, 2009; Walasek & Stewart, 2015).  

 Although the decision sample is arguably the core element of DbS, remarkably little is 

known about which values make it into that sample. Stewart et al. (2006) say that recent 

exposure likely matters, but that “similarity and background knowledge will surely play a role as 

well” (p. 4). That is, evaluation of salaries and car prices are assumed to rely on comparisons 

with other salaries and car prices, respectively, not with each other (Rablen, 2008; see also 

Hounkpatin, Wood, & Dunn, 2016). That said, most such characterizations are speculative. 

Researchers have not systematically examined what determines whether a value enters the 

decision sample.  

 Our central aim is to address this open question. To begin, we needed an experimental 

context to which DbS clearly applies, and for which we were confident we could manipulate the 

decision sample. For that, we were inspired by recent findings from this journal’s pages that DbS 

can explain variation in loss aversion (Walasek & Stewart, 2015). The researchers manipulated 

the distribution of gains and losses used to define a set of lotteries, each of which participants 

decided to accept or reject. Participants’ relative sensitivity to losses versus gains changed in a 

way that DbS would expect. That is, lotteries defined by a narrow range of finely differentiated 

gains but a wide range of coarsely differentiated losses led to a considerable reduction in the 

classic phenomenon of loss aversion. In these contexts, the same objective change in gains and 

losses produced a larger change in rankings for the former; as DbS would anticipate, 

participants’ decisions became more desensitized to losses. 

 What is unclear—and where we would like to begin to fill a void—is why the values that 

defined the lotteries entered the decision pool. Participants were exposed to the lotteries, which 
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included values to which they had to be responsive, requiring them to evaluate the goodness or 

badness of the values, and then ultimately make a decision about whether or not they would take 

the risk. But precisely which one or more of these steps was responsible for placing the values in 

the decision sample, thereby influencing decisions, is unclear. Before addressing this question 

empirically, we consider the plausibility of each as a crucial mechanism.  

 Exposure. The exposure account anticipates that appearance in a decision sample follows 

from passive exposure to values. Mere exposure to attribute values will increase accessibility, 

and increased accessibility will move those values into the decision sample. The accessibility of 

an attribute value is determined by the chronicity and recency of exposure (Higgins, 1996). 

Previous research has shown that unobtrusive, or even subliminal, exposure to values can 

influence comparative numeric processing and quantity judgments (Greenwald, Abrams, 

Naccache, & Dehaene, 2003; Kunde, Kiesel, & Hoffman, 2003; Mussweiler & Englich, 2005). A 

similar process may underlie the mental creation of a decision sample: Incidental exposure to 

multiple numeric values may create a locally relevant set to be used for forming subjective 

evaluations.  

 Response. Mere exposure to values is particularly passive. Instead, people may need to 

more actively focus on values in order for them to become sufficiently accessible that they enter 

the decision sample. That is, instead of merely perceiving a value, people may need to focus on 

the value long enough and with sufficient depth that they actively respond in light of the value. 

In order to make that a minimal response—one that merely guarantees that the value has been 

focused on and encoded—we will ultimately operationalize this as asking participants to merely 

repeat the value back. The response account anticipates that this will place values in the decision 

sample.  
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 Evaluation. It may not be enough to actively think about numbers for them to enter the 

decision sample. Instead, values may enter the decision sample only once they are themselves 

subjectively evaluated. This link has intuitive appeal: Subjective valuations are achieved through 

comparisons, and such evaluated values may then form the set that guides future subjective 

valuations. This evaluation account sets a much narrower criterion for entry to the decision 

sample than the exposure or response accounts, since it requires active evaluation rather than 

minimal consideration.  

 (Context-Specific) Decision. Perhaps values enter a decision sample not merely when 

they are subjectively evaluated, but instead when they have been subjectively evaluated in the 

context of the decision one is confronting. For example, someone causally browsing cars may be 

exposed to many car prices that they subjectively evaluate (e.g., “Wow, that one is really 

expensive!”). But it may be only the values one encounters while actively shopping—i.e., those 

about which one makes an actual decision to buy or not buy a car (e.g., “…which is why I will 

definitely not be buying that car”)—that are recruited when making subsequent decisions about 

whether or not to buy another car. By this account, the decision sample recruited in the service of 

a decision is determined by the values subjectively evaluated when making that decision in the 

past. 

Distinguishing The Accounts: Past Literature and the Present Studies 

 In presenting the four accounts, we have intentionally not taken a stand on which is most 

plausible. This is because one can see hints in both the theoretical and empirical DbS literature of 

all of these possibilities. Consider exposure, the most minimal of our accounts. A recent 

theoretical review characterized the decision sample as comprising “values we have observed 

throughout our life” and “values that we observe(d) in our recent and/or immediate context” 
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(Olivola & Chater, 2017, p. 296). Although the authors seem not to take a firm position on our 

question of interest, these passages could be read to imply that exposure should be sufficient. But 

perhaps not all exposures are equal. Oliviola and Chater go on to say that observed values are 

those stored in memory, and although clearly one must be exposed to a value in order to 

remember it, some actions might make values more likely to be remembered. Notably, it seems 

plausible that people need to respond to the number in some way for it to cross the threshold 

from merely exposed to being stored in memory. Writing something down enhances its 

memorability (Henk & Stahl, 1985; Kobayashi, 2005). If exposure or response is sufficient to 

place values in the decision sample, this would be consistent with untested theoretical 

speculation. 

 Some DbS studies have ensured that participants not only carefully encode each value, 

but actually form a subjective evaluation of each value. For example, Olivola and Sagara (2009, 

Study 2) had participants read descriptions of events that involved death tolls. Participants had to 

report how those events made them feel. This implicitly demands they subjectively characterize 

the magnitude of the numerical loss. Though whether the crucial ingredient in Olivola and 

Sagara’s study was evaluation, or instead mere exposure or response, is unknown. In some 

studies, the task used to manipulate the decision sample matches the task used to determine 

whether decision-making unfolds as DbS would anticipate. For example, Walasek et al. (2015) 

varied the features of lotteries participants decided to accept or reject to see how it influences 

which other lotteries they would decide to take or not. This raises the possibility that the 

decisions themselves are additional contributors to what values make it into the decision sample. 

In combination, these studies suggest that exposure, response, or evaluation should be sufficient 

to place values in the decision sample, and decisions themselves may have an additional effect.  
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 We conducted four experiments to determine whether one or more of these accounts best 

predicted what values enter the decision sample. The decision sample is not directly measurable, 

but we can infer it indirectly. As reviewed earlier, Walasek and Stewart (2015) showed that loss 

aversion—people’s greater sensitivity to losses vs. gains—could be moderated by exposing 

participants to different gain and loss values, ones they had to respond to by subjectively 

evaluating in order to arrive at a decision of whether to accept or reject the lottery. The lotteries 

were mixed gambles that offered an equal chance of gaining $X and losing $Y. We began with a 

study that would provide even greater certainty that the modulation of loss aversion in this 

paradigm is indeed explained by DbS (Study 1). Studies 2-4, in combination, disentangle the 

four accounts. 

Study 1 

 In order to test what is responsible for placing values in a decision sample, we must be 

confident that we are leaning on a paradigm that does indeed test DbS’s influence. That is, we 

wanted to be confident that the loss aversion coefficient does indeed show variation in a way that 

DbS would anticipate. Walaesk and Stewart (2015) were able to increase or decrease loss 

aversion by changing the distribution of gains and losses that defined the set of lotteries to which 

participants were exposed. Gains and losses were distributed over a coarsely differentiated wide 

range ($12, $16, $20, …, $36, $40) or a finely differentiated narrow range ($6, $8, $10,…, $18, 

$20). When values varied over the finely differentiated narrow range, participants became more 

sensitive to variation in that dimension. In other words, loss aversion was strongest when losses 

varied from -$20 to -$6 in increments of $2 and gains varied from $12 to $40 in increments of 

$4. 
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 Let us consider more deeply why DbS anticipates these results. DbS essentially suggests 

that values are rescaled or normalized according to their ranking. That is, in moving from values 

at the lower end of a range (e.g., -$20 or $12) to the upper end (-$6 or $40), one should feel that 

the same subjective distance has been traversed. As long as the values in between are evenly 

spaced out (in $2 or $4 increments), then the wider the range of the decision sample, the less 

sensitive one should become to the same objective change on that dimension.  

 But is it important that the manipulation of range is confounded with granularity—i.e., 

whether the values differ by $2 or $4? At least in this loss aversion paradigm, no. Whether the 

wide range of values ($12 to $40) is accompanied by more middling numbers that are $2 or $4 

apart (i.e., $12, $14, $16, …, $40 vs. $12, $16, $20, … $40), it is still the case that moving from 

the lower end to the midpoint of the decision sample involves the same change in value (i.e., 

$14) and the same change in normalized rank (from 0 to .5) that DbS identifies as crucial. 

Considered differently, each $4 shift may produce a change in two ranks instead of one, but with 

twice as many distinct values in the finely differentiated distribution, there is no net effect in 

what DbS predicts such a shift would feel like subjectively. In other words, if this paradigm does 

reflect the operation of the decision sample, then the loss aversion coefficient should be sensitive 

to the values’ range, not how finely differentiated the values are. 

 An alternative possibility is DbS does not offer the best explanation for Walasek and 

Stewart’s (2015) findings. That is, perhaps the confounding feature—intervalue interval—

explains the results. When the values differed in a more fine-grained manner, decision makers 

may have learned to make more subtle differentiations between them. If this, not DbS, explains 

Walasek and Stewart’s (2015) findings, then it suggests that exposing people to a wide range of 

finely differentiated values should also sensitize people to changes on that dimension. Resolving 
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such ambiguity is critical if we wish to lean on this paradigm to address bigger questions about 

decision by sampling. 

 Study 1 distinguished between these two possibilities by unconfounding the range of 

values from the granularity of the intervalue intervals. We randomly assigned participants to be 

exposed to a wide range of gains ($12 to $40) or a wide range of losses (-$40 to -$12). The other 

dimension was always narrowly defined ($6 to $20, or -$20 to -$6). For some participants, we 

replicated Walasek and Stewart’s paradigm by keeping the intervalue interval asymmetric—$4 

for the wide range and $2 for the narrow range. But for other participants, we allowed the 

interval to be symmetric—$2 for both ranges. If DbS explains fluctuations in loss aversion, we 

should see only a main effect of range: Loss aversion should be higher when considering a wide 

range of gains instead of a wide range of losses. But if sensitivity to the granularity with which 

values vary explains the degree of loss aversion, then eliminating the range-granularity confound 

should disrupt this effect.   

Method 

Participants and design. We recruited 1,206 Americans from Amazon Mechanical Turk 

(AMT). Given the study included a partial replication of Walasek and Stewart (2015), we 

predetermined this sample size by following recommendations of Simonsohn (2015). We took 

Walasek and Stewart’s largest sample size (Study 1b, N = 423, also four conditions) and 

multiplied that value by 2.5. Participants were randomly assigned to one of four conditions in a 

2(wide range: gain or loss) X 2(interval: asymmetric or symmetric) full-factorial design.  

Procedure. We began by explaining to participants that they would be exposed to a 

series of lotteries. To reinforce that the chance of winning or losing each lottery was equivalent, 

we explained that each lottery’s outcome would be determined by the flip of a coin. Heads would 



ADVANCING DECISION BY SAMPLING 

 

12 

produce a win; tails, a loss. Participants saw one example lottery (Figure 1), which illustrated the 

format that would be used on all of the main trials.  

 Participants were exposed to every lottery that could be defined by the specific range and 

interval conditions to which they were assigned (see Figure 2 for a summary). This meant that 

those in the symmetric interval conditions actually responded to a larger number of lotteries 

(120) than did those in the asymmetric interval conditions (64). But to roughly equate the 

number of trials participants completed, those in the asymmetric interval condition saw each 

distinct lottery twice. Subject to the constraint that repeat lotteries had to appear in different 

halves of the sequence of lotteries, the lotteries appeared in a randomly determined order. 

Results and Discussion 

 To determine whether our manipulations influenced participants’ degree of loss aversion, 

we first had to calculate participants’ loss aversion coefficients. For each participant, we 

conducted a logistic regression in which we predicted a particular participant’s decision to accept 

(+1) or reject (-1) a lottery as a function of the gain value and the loss value of the lottery. From 

this regression, we took the beta for the loss value and divided it by the beta for the gain value. 

This value, once multiplied by negative one, reflects participants’ relative sensitivity to losses vs. 

gains when considering risky decisions (see Walasek & Stewart, 2015). 

 In this and every study we precisely followed Walasek and Stewart’s (2015) exclusion 

criteria, which we describe next. First, we excluded participants with incomplete responses. 

Second, we excluded those participants whose regression fit deviance scores were among the 

remaining highest 5%. Third, we excluded those who displayed a negative loss aversion 

coefficient. Such participants indicated greater interest in lotteries with lower expected values, 

indicating a failure to understand the procedure or take it seriously. After exclusions, we had 868 
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participants remaining. The interested reader can find the results without any exclusions reported 

in the Supplemental Materials.  

 Given the loss aversion coefficients were not distributed normally, we tested our 

hypotheses using 4 pairs of nonparametric tests. The asymmetric interval conditions replicated 

Walasek and Stewart (2015). That is, the loss aversion coefficients were higher when gains were 

distributed over a wide range (Median coefficient = 1.44) compared to when losses were (Median 

coefficient = 0.83), Z = 12.81, p < .001. As DbS anticipates, we found that even when the 

intervals were made symmetric, loss aversion continued to be higher when gains had a wide 

range (Median coefficient = 1.44) than when losses did (Median coefficient = 0.89), Z = 12.45, p 

< .001.  

 Did we find any evidence that making the intervalue interval symmetric for gains and 

losses did anything to reduce the basic effect? In short, no. When participants were exposed to a 

wide range of gains, the loss aversion coefficient remained just as high when the intervalue 

interval was reduced from $4 to $2, Z = 0.52, p = .607. And when participants were exposed to a 

wide range of loses, the loss aversion coefficient remained just as low when the intervalue 

interval was reduced from $4 to $2, Z = 0.44, p = .659. That the interval asymmetry was not 

contributing to variations in the loss aversion coefficient gives us even stronger confidence that 

this paradigm is well suited to probing the contents of the decision sample. It is with such 

confidence that we proceed with three studies that use variants on this paradigm to determine 

what places values into the decision sample. 

Study 2 

 Study 2 tested whether exposure was sufficient to place values into the decision sample. 

All participants saw lotteries defined over the same narrow range of losses (-$20 to -$6). What 
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we varied was the range of gains to which participants were exposed as well as whether 

participants actually made decisions over the same range of gain values. Those in the wide 

condition made decisions about lotteries whose gains ranged from $6 to $32. Those in the 

narrow condition made decisions about lotteries whose gains ranged from $6 to $20. 

 DbS is clear that the loss aversion coefficient should be higher in the wide condition 

compared to the narrow condition. But is this merely (or partly) because those in the wide 

condition were exposed to a wider range of gain values? A third condition was instrumental to 

answering that question. In a narrow + exposure condition, participants made decisions about 

lotteries over the narrow gain range ($6 to $20) but were exposed to the full range of gain values 

($6 to $32). If exposure is sufficient to place values into the decision sample, then the narrow + 

exposure condition should prompt a higher loss aversion coefficient than the narrow condition. 

And if exposure is the sole determinant of what enters the decision sample, then this elevated 

loss aversion should be statistically indistinguishable from the elevated loss aversion coefficient 

of the wide condition. If instead exposure is not sufficient to insert values into the decision 

sample, the loss aversion coefficient for those in the narrow + exposure condition should be 

similar to those in narrow condition (and thus smaller than those in the wide condition). 

Method 

 Participants and design. Participants were 1,070 Americans recruited through AMT. 

They were randomly assigned to one of three gain range conditions: wide, narrow, or narrow + 

exposure. Although this design included one fewer condition than Study 1, we were testing 

whether the basic effect documented in that study may be decomposable into component parts. 

Also, our wide range was slightly narrower than that used in Study 1. At the same time, the 
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strength of our results in Study 1 suggested it was well powered. Combining these observations 

led us to aim for a roughly equivalent sample size as in Study 1.  

 Procedure. The procedure was similar to that used in Study 1 except for the following 

changes. First, all participants saw lotteries defined by the same narrow range of losses (-$20 to -

$6, in $2 increments). Second, we modified the way that lotteries were presented in order to 

decouple the range of values used to define lotteries from the range of values to which 

participants were exposed. On every trial, participants were exposed to the same two number 

lines—one for gains, one for losses. The gain and loss values for a particular lottery were 

identified on their respective number line (see Figure 3).  

 We varied the range of values to which participants were exposed by varying the width of 

the number line. The gain number line spanned from $6 to $20 in the narrow condition (Figure 

3a), but from $6 to $32 in the wide condition (Figure 3b). Although the gain values of the 

lotteries in the narrow + exposure condition ranged only from $6 to $20 (as in the narrow 

condition), the number line ranged from $6 to $32 (as in the wide condition). All participants 

saw a loss number line that ranged from -$20 to -$6. The three conditions are reflected in the 

first, fifth and sixth row of Figure 4.  

 Those in the wide condition indicated whether they would accept or pass on the 112 

unique lotteries that could be defined by every combination of the 14 gain and 8 loss values. In 

contrast, those in the narrow and narrow + exposure conditions saw the 64 unique lotteries that 

could be created by every combination of the 8 gain and 8 loss values. In order to roughly equate 

across the number of lotteries that participants saw, these participants responded to these 64 

lotteries twice (though always in different halves of the trials). Subject to this one constraint, the 

order of the lotteries was randomized.  
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Results and Discussion 

 We computed a loss aversion coefficient for each participant in an equivalent way as was 

done in Study 1. At that point, we followed the same steps outlined in Study 1 to identify and 

exclude outlier and non-compliant participants. This left 1,002 participants in all analyses 

reported below. Conceptually replicating Study 1, we found that participants exposed to a wide 

range of gains showed greater loss aversion (Median coefficient = 1.13) compared to those who 

saw a narrow range of gains (Median coefficient = 1.03), Z = 3.35, p < .001.  

 Was exposure to a wide range of gains sufficient to place those values in the decision 

sample, thereby inflating the loss aversion coefficient? In a word, no. Those in the narrow + 

exposure condition showed a relatively low loss aversion coefficient (Median = 1.02), roughly 

comparable in size to that of the narrow condition, Z = 0.95, p = .343. This loss aversion 

coefficient was significantly smaller than shown by those who were not merely exposed to but 

actually made lottery decisions over the wide range of gains, Z = 4.16, p < .001 (see Figure 5). 

With evidence that exposure to a value was not enough to place it into the decision sample, we 

proceeded to test the remaining three accounts in Study 3.  

Study 3 

 Study 3 aimed to test which procedure that moves beyond exposure—responding in light 

of the value, evaluating the value, or making a decision in light of the value—places values in 

the decision sample. All participants saw lotteries defined by the same range of losses, but we 

manipulated both the range of gain values and how participants were supposed to respond to 

them. To that end, we retained the narrow + exposure and wide conditions from Study 2 (those in 

which lottery gains ranged from $6 to $20 or $6 to $32, respectively, even as gain values shown 

on the number line always ranged from $6 to $32). We added two new conditions that exposed 
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participants to lotteries whose gains ranged from $6 to $32, but participants did not merely 

accept or reject these “high-gain” lotteries—i.e., those that offered gains of $22 or higher. 

 Participants in the new narrow + response condition were asked merely to type the gain 

value. In this way, participants were not merely exposed to gain values over $20 (like narrow + 

exposure participants in Study 1), but they had to actively offer a response in light of those 

values. Those in the new narrow + evaluation condition offered subjective evaluations of these 

high-gain lotteries. In this way, such participants did not merely issue a general response in light 

of these higher gains, but subjectively characterized the prospects. These new conditions are 

shown in the second and fourth row of Figure 4. 

 We expected to replicate previous findings by observing a higher loss aversion 

coefficient in the wide gain condition that in the narrow + exposure gain condition. Comparisons 

with the other conditions would allow us to distinguish between the other accounts. First, if the 

response account is correct, we should find that the narrow + response condition produces a 

higher loss aversion coefficient than the narrow + exposure one. Second, if the evaluation 

account is correct, then the narrow + evaluation condition should produce a higher loss aversion 

coefficient than the narrow + response one. Third, if the decision account is correct, then the 

wide condition should produce a higher loss aversion coefficient than the narrow + evaluation 

one. Note that these accounts are not mutually exclusive. 

Method 

 Participants and design. Participants were 1,062 Americans recruited from AMT. They 

were randomly assigned to one of four gain range conditions: narrow + exposure, narrow + 

response, narrow + evaluation, or wide. The results of Studies 1 and 2 suggested clearly adequate 

statistical power. For this reason, we aimed for a similar sample size as that used in Study 1. 
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 Procedure. The design was similar to that used in Study 2 except for the following 

changes. We retained only two of Study 2’s conditions—the narrow + exposure and wide 

conditions. Participants in the two new conditions (narrow + response, narrow + evaluation) saw 

the full range of lotteries (like those in the wide condition) but made decisions to accept or reject 

only those lotteries seen by participants in the narrow + exposure condition. For the other 

lotteries (i.e., those with gain values over $20), those in the narrow + response condition were 

asked to type the gain value. Those in the narrow + evaluation condition rated the attractiveness 

of the gamble. These latter participants responded on a non-numerical slider scale anchored at 

not at all attractive and extremely attractive. The slider defaulted at the midpoint, which was 

labeled somewhat attractive. 

Results and Discussion 

 We calculated loss aversion coefficients and trimmed the data using the procedures used 

previously. This left 993 participants for the final analysis. Replicating our previously observed 

difference, participants in the wide condition showed more loss aversion (Median coefficient = 

1.31) than those in the narrow + exposure condition (Median coefficient = 1.02), Z = 4.77, p 

< .001. We next tested how our two new conditions were positioned with respect to these 

baseline conditions. 

 As a test of the response account, we examined whether the narrow + response condition 

produced a higher loss aversion coefficient than the narrow + exposure condition. It did not. That 

is, participants in the narrow + response condition actually showed a marginally smaller loss 

aversion coefficient (Median coefficient = 1.00), Z = -1.90, p = .058. In other words, merely 

responding in light of values (by repeating them back to the computer) appears insufficient to 

place such values in the decision sample. 
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 As a test of the evaluation account, we compared the narrow + evaluation condition to 

both of the just-reviewed conditions. Evaluation produced a greater loss aversion coefficient 

(Median coefficient = 1.10) than both the narrow + response condition, Z = 3.74, p < .001, as 

well as the narrow + exposure condition, Z = 2.23, p = .026. This suggests that subjective 

evaluation is sufficient to place values into the decision sample (see Figure 6). 

 We also found that the wide condition produced a higher loss aversion coefficient than 

the narrow + evaluation condition, Z = 2.43, p = .015. On the one hand, this could be support for 

the decision account (in addition to the evaluation account). But note that the finding is 

ambiguous: Is it that making actual decisions places values more firmly in the decision sample, 

or is it that the loss aversion coefficient is greater when calculated over a different set of lotteries, 

a set that also includes those with higher expected values (those with gains ranging from $22 to 

$32)? To disentangle these possibilities, we recomputed a loss aversion coefficient for those in 

the wide condition using only those lotteries with gains ranging from $6 to $20. In this case, the 

wide condition produced no greater loss aversion (Median coefficient = 1.19) than the narrow + 

evaluation condition, Z = 1.33, p = .185. In other words, actually making a lottery decision did 

not also contribute to placing values in the decision sample; the loss aversion coefficient was 

inflated merely because it was computed over a different set of lotteries. 

Study 4 

 The previous two studies tested all four accounts of what is responsible for values 

entering the decision sample. Merely being exposed to or responding in light of values is not 

sufficient; instead forming subjective valuations is. That said, Study 3 leaves open a question of 

what should be subjectively evaluated. In that study, participants offered subjective valuations of 

the risky prospect, which included a possible gain and a possible loss. We assumed that 



ADVANCING DECISION BY SAMPLING 

 

20 

evaluating the lottery requires evaluation of its component parts. But if our reasoning is correct, 

then it should be sufficient for participants to evaluate only the gain in order to produce the same 

effect. Such a manipulation would also offer a more conservative test of the evaluation 

account—showing that subjectively evaluating potential gains in isolation would influence how 

gains were evaluated in a different context (i.e., as a component of a mixed gamble).  

 Study 4 retains our two baseline conditions—the narrow + exposure and the wide 

conditions. In addition to the narrow + (lottery) evaluation condition used in Study 3, we added a 

narrow + gain evaluation. If values enter decision samples because the values themselves (as 

opposed to the prospects they help to define) are evaluated, then we should find that both the 

narrow + lottery evaluation and the narrow + gain evaluation conditions produce greater loss 

aversion than the narrow + exposure condition. If instead it is that evaluating the risky prospects 

influences how people respond to and become sensitized to changes in variants of those 

prospects, then only the narrow + lottery evaluation condition should lead to an elevated loss 

aversion coefficient. The latter hypothesis suggests a narrower role of evaluation in explaining 

the contents of the decision sample.   

Method 

 Participants and design. Participants were 1,890 Americans recruited via AMT. 

Participants were randomly assigned to one of four gain range conditions: narrow + exposure, 

narrow + gain evaluation, narrow + lottery evaluation, wide.   

 Procedure. The procedure was similar to the one used in Study 3 (see Figure 4). The 

narrow, wide, and narrow + lottery evaluation conditions were all repeated from the last study. 

The difference between the new narrow + gain evaluation and the narrow + lottery evaluation 

condition is the subjective evaluation that participants offered. In both conditions, participants 
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offered evaluations related to lotteries whose gains ranged from $22 to $32. Whereas those in the 

narrow + lottery evaluation condition indicated their evaluation of the lotteries (like in Study 3), 

those in the new narrow + gain evaluation condition rated the attractiveness of the possible gain. 

These ratings were collected on the same unnumbered slider scale from Study 3, anchored at not 

at all and extremely attractive. The midpoint was again labeled somewhat attractive.  

Results and Discussion 

 We calculated loss aversion coefficients and trimmed the data using the same procedures 

described previously. One hundred fifteen participants were excluded based Walasek and 

Stewart’s (2015) exclusion criteria. An additional 496 participants failed to answer an attention 

check question accurately. This left 1,279 participants for the final analysis. See the 

Supplemental Materials for the attention check question and the analyses without exclusions.  

 We again found that participants displayed greater loss aversion when they made 

decisions over a wide range of gains (Median coefficient = 1.47) compared to a narrow range of 

gains (Median coefficient = 1.07), Z = 6.88, p < .001. Furthermore, we replicated the findings 

from Study 3 that evaluating the attractiveness of the wider range of lotteries (narrow + lottery 

evaluation) also elevated loss aversion (Median coefficient = 1.26) compared to the narrow 

condition, Z = 4.21, p < .001.  

 Just as our evaluation account would anticipate, participants in the new narrow + gain 

evaluation condition showed elevated loss aversion (Median coefficient = 1.28) compared to the 

narrow + exposure condition, Z = 4.56, p < .001. Furthermore, the two evaluation conditions 

were not statistically distinguishable, Z = .40, p = .69. In other words, evaluation—whether of 

the lottery (meaning the gain and loss together) or the gain value directly—was sufficient to 

place gain values in the decision sample. 
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 Finally, we considered the role of actually making decisions based on the values (as 

opposed to merely evaluating them) by comparing the two evaluation conditions to the wide 

condition. Those in the wide condition showed marginally greater loss aversion than those in the 

narrow + gain evaluation condition, Z = 1.68, p = .094, and significantly more than the narrow + 

lottery evaluation, Z = 2.23, p = .025. But when we conducted the additional analyses described 

in Study 3 (to disentangle the decision account from the fact that those in the wide condition had 

their loss aversion coefficients calculated over a different range of lotteries), we found that this 

lessened the loss aversion observed in the wide condition (Median coefficient = 1.24). By 

calculating the loss aversion coefficient over the same set of lotteries, those in the wide range 

condition displayed loss aversion indistinguishable from the narrow + lottery evaluation, Z = -

1.05, p = .292, and the narrow + gain evaluation conditions, Z = -1.54, p = .123. In summary, 

Study 4 provides firmer support that it is evaluation of values—not merely forming an opinion 

on a decision—that is responsible for placing values in the decision sample.  

 General Discussion 

 DbS posits that people subjectively assess attribute values by comparing them to a 

sample of numbers drawn from memory. “We assume that the decision sample, to which a 

target…is compared, is a small, random sample…from memory” (Stewart et al., 2006, p. 4). The 

authors go on to say that “of course this random sampling assumption is likely to be incorrect” 

(p. 4). The present paper sought to bring order to this explicit uncertainty by determining what 

pushes values into a decision sample. Only by answering this question can the ambitious goals 

and full potential of DbS be realized.  

 We found that neither merely being exposed to nor having to respond to values is 

sufficient to place them in the decision sample. In other words, manipulations that merely make 
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values accessible—through mere exposure or a more involved, response-oriented 

consideration—do not push them to be comparison standards that guide subjective valuation. 

Instead, subjectively evaluating values led them to enter that pool of values used to subjectively 

evaluate additional ones. Some of our evidence seemed, at first blush, to support the decision 

account as well, but additional analyses undermined that interpretation. 

 The present paper provides a preliminary, but certainly not a complete, understanding of 

the decision sample. Although we found that evaluation inserts values into that sample, it 

remains unclear just how long they stay there. After all, with time, a person will be exposed to 

new values, and if evaluated, those numbers will enter the decision sample too. To what extent 

do such new additions merely complement or instead displace those values already residing in 

the sample? Instead of asking what leads numbers to enter into a decision sample, future research 

should ask what leads certain numbers to depart the decision sample. One possibility is that with 

time, these values’ membership in the sample fades. Another possibility is that the depth with 

which these values were evaluated—whether the values were subject to a cursory assessment or 

a more thorough analysis—may determine their longevity in the sample.  

 One hint as to which values stick around comes from previous research suggesting that 

extreme exemplars loom large in memory (Morewedge, Gilbert, & Wilson, 2005). For example, 

commuters asked to recall an instance in which they missed their train brought to mind an 

equally terrible memory as those asked to recall the worst instance in which they missed their 

train. Although those authors focused on this biased recall as a reason people may misforecast 

the extremity of the future, DbS identifies how this same phenomenon may influence evaluations 

of the present. Without many average values to serve as comparison standards, then fluctuations 

in attribute values in the more middling range may seem especially unremarkable. For example, 
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a marathoner who works to improve her average performance to a 75th percentile performance 

may feel this improvement was inconsequential if the finishing times that loom large in her mind 

are her best and worst. But also, the present findings might even help explain why Morewedge et 

al.’s (2005) extremity recall bias emerges at all. Extreme values may be precisely those that were 

particularly likely to be subjectively evaluated (“Wow, I can’t believe how amazingly [fast / 

slow] I was!”), thereby placing them in the decision sample. One practical implication is 

encouraging people to subjectively evaluate more of their experiences may help them confront 

future decisions, opportunities, and outcomes in a more balanced, realistic way. 

 Another remaining question is the breadth of previous evaluations from which the 

decision sample draws. Presumably decision makers call to mind attribute values from similar 

contexts (Stewart et al., 2006), but what constitutes a similar context? For example, although 

evaluating an airline ticket price from New York to Rome most obviously would involve 

comparisons with previous travels along that route, it would likely also include prices on other 

transatlantic trips as well (e.g., New York to Paris). One question is whether when evaluating an 

attribute for a particular purpose, such values are more likely to enter subsequent decision 

samples when making judgments or decisions for the same purpose. For example, do the prices 

of Parisian hotels one has stayed in during business travel enter into the decision sample when 

one considers hotels for one’s upcoming holiday to Pairs? More generally, targets that merely 

reside in the same overall category (e.g., travel expenses) might be recruited into the decision 

sample. Might luggage seem relatively inexpensive if high-priced airfare and hotel rates pop to 

mind as relevant comparison standards? 

There is some existing data that can address these questions. An early demonstration of 

DbS theory leaned on the ranks of credit and debit amounts in bank accounts to explain 
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asymmetries in how they responded to gains and losses, respectively (Stewart et al., 2006). 

Interpreted directly, this suggests a wide net that is cast in recruiting decision samples—one that 

draws on monetary transactions of all types when evaluating monetary prospects. And other 

demonstrations have found that the recent salience of seemingly incidental values can influence 

decisions in essentially unrelated domains (Ungemach, Stewart, & Remier, 2011). But certainly 

we could think of examples that stretch credulity: It seems we are unlikely to use a car’s weight 

when subjectively characterizing a newborn’s.  

Perhaps on this question the present research helps to inform speculation. When people 

form subjective evaluations, they tend not to do so in a completely decontextualized manner. 

Instead, such evaluations occur against an implicit (or sometimes explicit) backdrop or frame of 

reference. People may say “That is an amazing price for a ticket to Europe” or “My dad had one 

of the slowest marathon times I’ve ever seen,” suggesting that one is using a relatively more 

constrained (airfare for flights to Europe) or general (marathon times) decision sample, 

respectively. If subjective evaluation is core to creating the decision sample, then a better 

understanding of the natural reference classes against which such evaluations occur may help to 

predict the scope of the decision sample.   

A natural question is whether the importance of evaluation in determining the 

composition of the decision sample extends beyond assessments of lotteries and risk.  

One of DbS’s more remarkable demonstrations was the finding that people display less patience 

in their discount rates if their own birthday falls between two outcomes they can select between: 

a smaller-sooner (75 pounds in 3 months) and a larger-later (100 pounds in 9 months) option 

(Ungemach, Steward, & Remiers, 2011). According to DbS, one’s birthday serves as a 

chronically accessible date (and thus member of the decision sample). When it is between 3 and 
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9 months away, its presence in the decision sample should make those two time points feel 

further apart. But does our account anticipate that one’s birthday—a personally meaningful 

date—will occupy a position in the decision sample? Our evaluation account would require that 

people are subjectively evaluating how far away their birthday feels, and doing so quite regularly 

(given the temporal distance to that date is, quite literally, constantly changing). Except for the 

most age-conscious among us, this seems intuitively unlikely. 

 Despite the replicability of many of DbS’s predicted effects, it is perhaps a saving grace 

for the potential generality of the present account that the birthday effect may not be particularly 

robust (Matthews, 2012). That said, we could lean on the present findings to consider when such 

a manipulation might have an influence. Ungemach et al. (2011) asked people simply to describe 

how they might spend their birthday, a manipulation not unlike the Response treatment in our 

Study 2. If instead, people were asked how much time it felt like they had until their next 

birthday, then such an evaluation might place the date into the decision sample.  

 Applying the present findings to real world contexts will require a better developed 

understanding of which values are (vs. are not) spontaneously evaluated. That is, in naturalistic 

contexts, people are not confronted with experimental manipulations that ask them to 

subjectively characterize values. Consider the finding that cultures differ in their reactions to 

death depending on the distribution of death tolls to which they are exposed (Olivola & Sagara, 

2009). It certainly does seem intuitive—and if the present paper is correct, it should be the 

case—that quantifiable tragedies, perhaps in part out of empathy, are events whose scope people 

spontaneously evaluate. Characterizations of mass casualties as “unprecedented in number” or 

more limited ones as those that “certainly could have been worse” reflect the sort of subjective 

assessments that should places these values into decision samples. 
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 To continue with the example of characterizing tragedies, when might spontaneous 

evaluation not occur? Let’s consider further Olivola and Sagara (2009), who find that cross-

national differences in evaluations of deaths can be tied to national differences in the occurrence 

of and media exposure to different death tolls. Although local media are disproportionately likely 

to consider local events, people also learn of global tragedies. One possibility is that local 

tragedies—given they may prompt more interest and concern—are more likely to be subjectively 

evaluated than global ones. In other words, DbS may be able to make more accurate predictions 

if researchers can move beyond efforts to learn the values to which people are merely exposed to 

instead learn the exposed values that people spontaneously evaluate. 

 Finally, our studies were conducted in contrived experimental settings in which 

participants made a series judgments and decisions in a single sitting. Concerns about 

generalizability always hover over non-field experiments. What minimizes such concerns in the 

present circumstance is just how well concerns about DbS’s external validity have been handled 

in the past. That is, prior research on DbS has been particularly attuned to whether naturally 

observed decision samples guide consequential judgments and behavior. In this sense, our 

research occupies a relatively privileged, even if atypically inverted position: We stand on the 

shoulders of those who have demonstrated the external generalizability of a theory whose basic 

components have yet to be fully developed. In this sense, the lingering question is not whether 

people acquire decision samples outside of the laboratory, but how different real-world factors 

may influence whether values are evaluated.  

Conclusion 

 Behavioral scientists have struggled for decades to understand how people characterize 

the magnitude of quantitative attributes. Especially considering psychologists’ longstanding 
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interest in this topic, DbS offers a relatively new answer. DbS moves beyond a mere description 

of the relationship between objective quantities and subjective valuations to posit that such 

valuations are arrived at through a comparative process. This research takes a step back—by 

addressing which values make it into that comparison pool, the decision sample—in order to take 

the theory one step forward. 
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Figure 1. An example lottery as seen by participants in Study 1. 
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Figure 2. The characteristics of the lotteries and the median loss aversion coefficients, complete with 95% bootstrapped confidence 
intervals, by condition (Study 1).  
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(A)                                   (B) 

                                               

Figure 3. An example lottery as seen by those in the wide and narrow + exposure conditions (A) or the narrow condition (B).  
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Figure 4.  Summary of conditions used in Studies 2-4 to determine what places values in the decision sample. Each condition was 
defined by different depictions or tasks performed on gain values above $20. Each row reflects a condition that builds on the row 
before it. For example, those in the narrow + gain evaluation condition did not merely have to respond in light of higher-gain lotteries, 
but they had to respond with a subjective evaluation of that gain.   
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Figure 5. The characteristics of the lotteries and the median loss aversion coefficients, complete with 95% bootstrapped confidence 
intervals, by condition (Study 2). 
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Figure 6. The characteristics of the lotteries and the median loss aversion coefficients, complete with 95% bootstrapped confidence 
intervals, by condition (Study 3). 
 
 

 

 



Decision Sample 
 

 

39 

39 

 
Figure 7. The characteristics of the lotteries and the median loss aversion coefficients, complete with 95% bootstrapped confidence 
intervals, by condition (Study 4). 
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